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Abstract

This dissertation presents an end-to-end trainable and unified multiscale encoder-decoder
transformer for dense video estimation, with a focus on segmentation. We investigate this
direction by exploring unified multiscale processing throughout the processing pipeline of
feature encoding, context encoding and object decoding in an encoder-decoder model. Cor-
respondingly, we present a Multiscale Encoder-Decoder Video Transformer (MED-VT) that
uses multiscale representation throughout and employs an optional input beyond video (e.g.,
audio), when available, for multimodal processing (MED-VT++). Multiscale representation
at both encoder and decoder yields three key benefits: (i) implicit extraction of spatiotempo-
ral features at different levels of abstraction for capturing dynamics without reliance on addi-
tional preprocessing, such as computing object proposals or optical flow, (ii) temporal con-
sistency at encoding and (iii) coarse-to-fine detection for high-level (e.g., object) semantics to
guide precise localization at decoding. Moreover, we explore temporal consistency through a
transductive learning scheme that exploits many-to-label propagation across time. To demon-
strate the applicability of the approach, we provide empirical evaluation of MED-VT/MED-
VT++ on three unimodal video segmentation tasks: (Automatic Video Object Segmentation
(AVOS), actor-action segmentation, Video Semantic Segmentation (VSS)) and a multimodal
task (Audio Visual Segmentation (AVS)). Results show that the proposed architecture outper-
forms alternative state-of-the-art approaches on multiple benchmarks using only video (and
optional audio) as input, without reliance on additional preprocessing, such as object propos-
als or optical flow. We also document details of the model’s internal learned representations
by presenting a detailed interpretability study, encompassing both quantitative and qualitative

analyses.
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Chapter 1

Introduction

1.1 Motivation

This dissertation focuses on multiscale video transformers for dense estimation. As a par-
ticular illustration of the developed approach, video segmentation is considered. In the fol-
lowing, we motivate the video transformer model, how it can be enhanced through multi-
scale processing, segmentation as an application area and the importance of interpretabilty of

learning-based models.

Video transformers have shown tremendous ability to establish data relationships across
space and time without the local biases inherent in convolutional and other similarly con-
strained approaches. This relationship is crucial for video understanding tasks as it helps
in mining information regarding global or long-range context and temporal dynamics while
maintaining local spatial dependency. The temporal information in video presents great po-
tential to mine meaningful high-level information which is beyond the possibility of a single
image. As examples: Motion allows segmentation of moving camouflaged objects in a scene,
temporal order allows segmentation and recognition of actions such as putting down vs. pick-
ing up an object; long range temporal context allows segmentation of objects that are partially
occluded or disappearing and reappearing in a scene. However, this great potential comes with
great challenges including, but not limited to, the presence of motion blur, requiring temporal
consistency as well as shape and scale variation of the same object as the viewing angle and

distance varies when the object moves. Application of video transformers has shown tremen-



dous success in addressing these challenges as evident from the proposal of numerous trans-
former models for video segmentation, e.g., [80, , ,51, , 37,35, , , ,96],

as well as in other computer vision tasks [4, 54, , , ].

Notably, video can inherently contain audio and contextualizing the visual information
by fusing the audio using a multiscale cross-modal attention mechanism can help effectively
leverage the additional modality of information. Representative work has investigated spe-
cialized architectures for multimodal feature fusion and query generation [15, , , ,

, , 59]. However, such efforts have not led to models that can process both unimodal

and multimodal data in a unified video transformer framework.

Recently, multiscale processing has been applied with transformers to assist in the un-
derstanding of single images (e.g., classification [247], detection [298, 31] and panoptic seg-
mentation [37]) and videos (e.g., action recognition [54, ]). More generally, multiscale
processing is an established technique across computer vision, with a long standing history,
e.g., [22, ]. Some representative examples in the era of convolutional networks include
edge detection [261], image segmentation [193], object detection [133] as well as Auto-
matic Video Object Segmentation (AVOS) [91, , ]. Multiscale processing also has
the potential to enhance the learning abilities of transformers through cross-scale learning
[31, 37, 54, , ]. The resulting multiscale features can combine the semantic richness
available through deep-layer abstractions with fine localization available at shallower layers.
Additionally, cross-attention between multiple modalities can yield complementary feature

fusion in the encoder.

Multiscale transformer models use spatiotemporal attention on the features across various
levels of abstraction, which can facilitate mining long-range relationships at multiple spatial
granularities and levels of semantic abstraction. This ability supports extraction of highly
robust features that can improve the temporal consistency of segmentation. Also, this long-
range contextualization across scale-space helps in mining information regarding complex
motions. For example, a moving car has a translational motion while the wheels are rotating,
and these motions may be best captured at different levels of representation. A gap exists,
however, as prior research efforts focused on multiscale processing in either encoding or de-
coding in video transformers, leaving the potential integration throughout the model largely
unaddressed. Recent work has focused on multiscale transformer encoding, e.g., [54, ],

yet does not incorporate multiscale processing in the transformer decoder. Other work has



proposed multiscale transformer decoding, e.g., [37, 35], yet did not fully exploit multiscale

attention at encoding.

In this thesis, multiscale transformers are explored in the context of video segmentation.
Segmentation algorithms assign each pixel a label from a finite set of classes to delineate the
pixel’s membership. This label set depends on the qualitative criteria that define an output
space based on the application of interest. Based on the qualitative criteria, there are various
categories of video segmentation tasks, e.g., object segmentation, actor-action segmentation
and semantic segmentation [294]. This inference from colour space to label space supports
analysis and application for downstream objectives of an artificial intelligence processor or
a human observer. Video segmentation is important for reasons both theoretical and practi-
cal. From a theoretical perspective, the association of pixels according to common attributes
(e.g., colour, texture, dynamics) to form meaningful segments (e.g., objects, motion, actions)
is a fundamental problem in visual information processing. Video segmentation also is use-
ful for various applications including video compression [65], object tracking [101], activ-
ity recognition [79], video surveillance [222], robotics [265] and autonomous driving [30].
More generally, video segmentation allows for the manipulation of each segment indepen-
dently, tracking objects of interest, recognizing human activities, analyzing scene content and
retrieving specific segments or objects from a video database based on their semantic content
or visual appearance. Despite being very challenging, the theoretical interest and application

areas have driven a continuing increase in research efforts on video segmentation.

Notably, the majority of all the above approaches have given very limited attention to sup-
porting their architectures with interpretability studies. For scientific [160], application [272]
and societal [21, 70] reasons, such advances will be most impactful and widely deployed if
their operations are interpretable. Indeed, legal precedents are being established that will
preclude deployment of learning-based technologies in certain domains unless they are in-
terpretable, e.g., [45, ]. In recent years, scientific and social requirements have led to
increased research on the interpretability of deep networks [227]; however, much remains to
be done, especially with regard to how video transformers capture the temporal dimension

throughout their multilayer architectures.
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Figure 1.1: Comparison of State-of-the-art Multiscale Video Transformers and Our Approach.

In particular, we show comparison with VisTR [251], MViT [54] and Mask2Former [35]
by using schematic diagrams. Video transformers take an input clip and feed features to a
transformer encoder-decoder, with alternative approaches using multiscale processing only in
the encoder or decoder. We present a unified multiscale encoder-decoder video transformer
(MED-VT), while predicting temporally consistent segmentations through transductive learn-

ing.
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Figure 1.2: Multiscale Video Transformer (MED-VT, MED-VT++) on Different Unimodal
and Multimodal Video Segmentation Tasks. For unimodal tasks, such as primary object seg-
mentation, video semantic segmentation and actor-action segmentation, MED-VT takes an
input clip and estimates target masks. For multimodal video segmentation, e.g., audio visual
segmentation, MED-VT++ takes audio as additional input and uses it as a context cue in seg-

mentation.

1.2 Contributions

The main objective of this dissertation is to advance the capability of video transformer models
on dense video estimation tasks. For this purpose, we investigate three major sub-objectives:
design and development of a unified multiscale encoder-decoder video transformer model
for dense estimation, empirical evaluation of the design on several benchmark datasets across
multiple video segmentation tasks and understanding of the model by interpretability analysis.

The major contributions of this dissertation are enumerated below.

1. We present the first end-to-end Multiscale Encoder Decoder Video Transformer (MED-
VT). Figure 1.1 overviews MED-VT compared to alternative multiscale video trans-
formers. At encoding, its within and between-scale attention mechanisms allow it to
capture both spatial, temporal and integrated spatiotemporal information. Notably, this
information is extracted without reliance on optical flow, as only RGB frames are used

for input. At decoding, it introduces learnable coarse-to-fine queries that allow for pre-



cise target delineation.

. We present the first many-to-many label propagation scheme within a transductive learn-
ing paradigm to ensure temporally consistent estimates across an entire input clip. The
label propagation provides a structured, temporally consistent prediction for a video clip
using many-to-many propagation of the initial prediction from the task head. Overall,
this extended operation enforces structured prediction across all frames in a clip by fa-
cilitating information sharing among different frames. This operation accommodates
challenging scenarios where an object could be partially occluded, out of view, or some
parts are not activated in the feature map due to other reasons in some frames, but they

are activated well in other neighbouring frames.

. We introduce an attention-based extension from unimodal to multimodal video segmen-
tation (MED-VT++). The approach adds optional modules at the encoder and decoder
to integrate multimodal features when available; no domain-specific modifications are
made, which lends generality. In particular, we have implemented and evaluated the
extended multimodal model by considering the case of audio; although, our approach

to incorporating an auxiliary signal is not specific to that particular modality.

. We document the wide applicability of the developed architecture via empirical evalua-
tion on four video segmentation tasks: Automatic Video Object Segmentation (AVOS),
actor-action segmentation, Video Semantic Segmentation (VSS) and Audio Visual Seg-
mentation (AVS). Figure 1.2 overviews MED-VT/MED-VT++ as an architecture that
applies to a wide range of video segmentation tasks. All of these tasks are important
and challenging, as they are enablers of many subsequent visually-guided operations,
e.g., autonomous driving and augmented reality. In all cases, we operate in the unsu-
pervised inference setting, i.e., without using a mask in the first frame of a video to
indicate the segmentation target, in contrast to the semi-supervised setting. These tasks
share challenges common to any video segmentation task (e.g., target deformation and
clutter). Notably, however, the requirement of complete automaticity imposes extra
challenges, as there is no benefit of per video initialization. Lacking prior information,
solutions must exploit appearance (e.g., colour, texture and shape) as well as motion to
garner as much information as possible. MED-VT and MED-VT++ respond to these
challenges. Their within and between-scale attention mechanisms capture both appear-

ance and motion information as well as yield temporal consistency. Their learnable



coarse-to-fine queries allow semantically laden information at deeper layers to guide
finer-scale features for precise object delineation. Their transductive learning through

many-to-many label propagation ensures temporally consistent predictions.

5. We provide an extensive interpretability analysis, both quantitative and qualitative, high-
lighting the importance of multiscale integration in temporally consistent and robust
video segmentation. To understand what has been learned by the multiscale encoder,
decoder and label propagator, we apply both quantitative and qualitative analyses. The
results verify that MED-VT learns to represent rich multiscale features with temporal

consistency that underly its success across a range of segmentation tasks.

Code for the MED-VT/MED-VT++ model is available at rkyuca.github.io/medvt

1.3 Dissertation outline

This dissertation is organized in the following fashion. The first chapter has served to motivate
and provide a broad overview of video transformers, multiscale processing and interpretabil-
ity analysis in the context of video segmentation. Chapter 2 provides a detailed discussion
of different categories of video segmentation, transformer-based architectures, interpretabiliy
of such models and state-of-the-art approaches for video segmentation. Chapter 3 provides a
component-wise description of the developed MED-VT model for video segmentation. Chap-
ter 4 provides results of empirically evaluating MED-VT on selected video segmentation tasks.
Chapter 5 provides a detailed interpretability analysis of the presented model. Finally, Chapter

6 provides conclusions, including suggestions for future research directions.
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Chapter 2

Related work

This chapter unfolds in five parts. The first provides an overview of video segmentation. The
second presents the various video segmentation categories. Part three provides an overview
of video transformer models, with an emphasis on their application to video segmentation.
Part four provides a review of the state of the art in video segmentation. Finally, part five

overviews interpretabiliy studies of video transformers.

2.1 Video segmentation

2.1.1 Overview

Video segmentation is a fundamental computer vision task that divides each frame into re-
gions based on specific qualitative objectives, e.g., delineation of objects, motion, actions and
semantics [294]. Segmentation is of both theoretical and practical interest. Inferring coher-
ent regions from temporal streams of images is a fundamental computer vision task. More-
over, segmentation supports a wide range of subsequent processing tasks, including surveil-

lance [222], human-robot interaction [296] and autonomous driving [30].

Video segmentation shares many challenges with single image segmentation (e.g., photo-
metric and geometric variation within a segment); however, additional challenges arise in the

setting of temporal image streams, as segments need to be delineated and tracked or otherwise



associated across time. Attendant challenges include occlusion, motion blur, camera motion
and object deformation. Moreover, operation with multiple video frames incurs additional

computational expense compared to single frames.

Video segmentation also provides opportunities beyond those of single image segmenta-
tion. In particular, the availability of multiple images taken close together in time support
the ability to recover image motion. Further, multiview image understanding is supported as
a principled geometric approach to 3D inference. Moreover, the additional data provided by
multiple images of (approximately) the same scene can be exploited to improve signal to noise

ratio.

2.1.2 Early approaches to video segmentation

Given its theoretical and practical motivation, video segmentation has attracted much research
effort for decades [294, , ]. Although numerous categories of video segmentation have
proliferated lately [294], early approaches primarily focused on the most basic video segmen-
tation task of foreground-background separation. Early proposals for video segmentation are
mainly analytic approaches that apply geometric constraints along with heuristics to design
a solution. In addition to their historical importance, some analytic methods or components
from those approaches are still relevant in the literature. The dominant analytical techniques
of the early attempts fall into four categories: background subtraction, trajectory-based, object
proposal-based and saliency-based. The remainder of this subsection overviews each of these

approaches.

Background subtraction. Background subtraction approaches typically rely on heuristic
assumptions about the background in the scene, e.g., pixels along frame boundaries are likely
to be background. These approaches then attempt to detect moving objects by comparing
pixel attributes to those of the hypothesized background. Connected component algorithms
are used to estimate the connected region corresponding to an object or other distinctive re-
gion. Therefore, the above process is called background subtraction. Overall, video object
segmentation is achieved by constructing a representation of the scene called the background

model and then finding deviations from the model for each input frame.

There are various background subtraction methods that have been proposed in the lit-



erature. The variety of the proposed approaches primarily differ in terms of the heuristics
and types of background model used e.g., stationary background [253, , 52, 68], back-
ground undergoing 2D parametric motion [ 189, 8] and background undergoing 3D motion
[86, , 18]. They commonly use multi-class statistical models of colour pixels with a single
Gaussian or a Gaussian Mixture Model (GMM). All of these methods rely on the restrictive
assumption that the camera is stable and slowly moving; so, they are sensitive to model se-
lection (2D or 3D) and cannot handle many challenging cases such as non-rigid objects and
dynamic backgrounds. A detailed overview and comparison of background subtraction based

video object segmentation is available elsewhere [18].

Point trajectories. Other early analytic approaches for video segmentation initially clus-
ter point trajectories and use them as prior information to obtain the foreground object. The
common motivation of these approaches is considering motion as a perceptual cue for seg-
menting a video into separate objects and point trajectories have potential to support analysis
of motion information over long periods [202]. Interestingly, the notion of “common fate” for
grouping points and objects can be traced to Gestalt psychology studies of perceptual organi-
zation [ 109]. Point trajectory-based methods generally use optical flow [17, 165, 32] or feature
tracking [203, , 56] as a way of obtaining motion information. Optical flow allows the
analysis of motion information between two consecutive frames using dense motion fields.
Feature tracking allows object motion analysis over a longer range by tracking a sparse set
of key feature points over a larger temporal extent of a video sequence. Methods with point
trajectories benefit from explicitly exploiting motion information compared to background
subtraction methods. Still, they face the challenge of grouping local motion estimates into

coherent segments.

Object proposals. Object proposal based approaches generate likely regions (propos-
als) where objects appear based on colour, texture and motion. The proposals are then ranked
based on confidence scores for subsequent aggregation across those that are highly ranked [ 120,

, , 57, , ]. These methods vary in the information used to generate object pro-
posals, the object proposal generation methods and the method of ranking and aggregating
those proposals. By definition, these approaches are limited by their particular definitions of
objects. Indeed, they typically are not applicable to segmentation tasks where the regions of
interest cannot be readily considered as objects, e.g., semantic segmentation where interest

may include texture and colour defined regions.
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Saliency based approaches. Other video segmentation approaches use saliency informa-
tion as a prior or seed [184, 172,53,242,226, 81]. Typically, these approaches compute local
salience based on feature contrast, with features being measurements of colour, texture and
motion. Subsequently, local salience is aggregated across space and/or time in various ways,
e.g., using Conditional Random Fields (CRFs) [184], Non-Local Consensus voting (NLC)
[53] or graph-based methods [&1, ]. Similar to object proposals, saliency approaches are
limited by their definitions of salience and likely are inapplicable to cases where the regions

of interest are not the most salient, e.g., small or low contrast regions.

2.2 Video segmentation tasks

2.2.1 Object segmentation

Object-based video segmentation aims to map groups of pixels in video frames to object
masks based on qualitative criteria regarding object properties in the videos. Object-based
segmentation approaches are mainly of two types: Video Object Segmentation (VOS), which
only segments foreground objects and Video Instance Segmentation (VIS), which segments all
object instances along with tracking across frames. Depending on the required level of prior
information or human interaction, video object segmentation can be of three types: automatic
VOS, semi-automatic VOS and interactive VOS. In the following, we discuss the problem

formulations for each of these video object segmentation tasks.

Automatic video object segmentation. Automatic Video Object Segmentation (AVOS),
also called primary object segmentation, is defined as grouping pixels into foreground object
masks representing the primary object in a video sequence, where primary is distinguished
as the object showing dominant motion or distinctive appearances across frames [277, ].
For this reason, AVOS often has been termed foreground/background segmentation since an
object with distinctive motion and/or appearance properties in a video sequence is generally
the foreground object. Since no prior information is available, this kind of segmentation also
is called unsupervised VOS or zero-shot VOS. In addition to the challenges common to most
video segmentation task that were mentioned in Section 2.1.1, AVOS also faces the challenges

of lack of prior information regarding the objects of interest.
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Semi-automatic video object segmentation. Semi-automatic Video Object Segmenta-
tion (SVOS) is a mask-guided object segmentation where one or more annotated frames (com-
monly the first frame) are available as reference masks containing one or more objects as a
target. The objective is to segment the target objects throughout the video. This task also is
called semi-supervised VOS or one-shot VOS due to the availability of guidance or supervi-
sion. SVOS has its own challenges of mask propagation for target objects in video containing
multiple objects, often from the same semantic category. Recently, a multimodal extension to
this type of video object segmentation has become popular in the computer vision community

where the reference is text or audio. We present a discussion of that variation in Section 2.2.4.

Interactive video object segmentation. Interactive Video Object Segmentation (IVOS)
is semi-automatic object segmentation where there is an interaction between the system and
a human providing hints to the object to be segmented (e.g., scribbles) [162, 6, 46, , 55].
This interaction happens in a loop with a series of interactions beginning with initial guidance
and followed by feedback. Other forms of interaction include contours [ 146] and points [243].
IVOS allows for applications requiring high-quality segmentation at the trade-off of human
supervision. This approach also is used to generate datasets for automatic or other semi-
automatic video segmentation tasks. IVOS faces task specific challenges arise from the com-
plexity of user interaction (e.g., target is given as a scribble, unlike a mask in semi-automatic
VOS).

Video instance segmentation. Video instance segmentation (VIS) aims at the simulta-
neous detection, segmentation and tracking of instances in videos [269]. The problem also is
referred to as Multi-Object Tracking and Segmentation (MOTS) [233]. The related task, video
object detection and tracking, aims at detecting (bounding boxes) and tracking objects, while
video instance segmentation additionally generates pixel-wise object segmentation masks.
Again, in contrast to instance segmentation in images, which involves detection and segmen-
tation [71], the requirement of tracking object instance masks across video frames makes
it more challenging. In short, VIS simultaneously predicts object bounding boxes and ob-
ject masks where the bounding boxes are labeled with semantic categories and segmentation
masks are based on object identities across frames. The tracking of object masks makes it
especially relevant for the application of video editing, autonomous driving and augmented

reality [269].
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2.2.2 Actor-action segmentation

Actor-action segmentation is defined as delineating regions from a given video with the cor-
responding label of an actor-action tuple [263]. Actors are objects that are participants in
some actions. This task has been investigated far less intensively than object segmentation.
Due to the exclusiveness of certain actor-action tuples, jointly segmenting actor-action has
been found to result in better modeling than independently segmenting them in the context of
action recognition. As examples, a car can not eat and a cat can not fly. The exclusiveness
of these actor-action tuples makes it less likely for the model to learn to predict such tuples.
Conversely, independent inference of actor and action can predict car as actor and climb as
action simultaneously for a particular segment, even though the inference of actor-action tuple
car-climb is unrealistic. This exclusiveness of actor-action tuples is evident from quantitative

empirical results [263].

2.2.3 Scene segmentation

Scene segmentation aims to segment all the pixels in a scene with labels that assign them to
a particular category or instance of a category. In this context, scene categories are defined
either as “thing” or “stuftf” [135]. In general, “things” are countable objects that typically have
a well defined shape, whereas “stuff”” is an uncountable entity with shape typically not being
a defining attribute. For example: People and cars are countable objects, with shape being an
important attribute; in contrast, sky and forest are not countable and shape is not important
in their definition. Scene segmentation also is referred to as scene parsing in some contexts,

since it aims to parse all the contents of a scene according to categories or instances.

Video semantic segmentation. Video Semantic Segmentation (VSS), also referred to as
Video Scene Parsing (VSP) [267], aims to label all the pixels in a scene according to semantic
categories of thing and stuff classes in an instance agnostic fashion [294]. Similar to VOS,
VSS also can be automatic or semi-automatic. Automatic VSS segments all the frames with-
out using any key-frame, while semi-automatic VSS uses annotated key-frames to segment
other frames. Due to the ability of VSS to describe the high-level semantics of the physi-
cal environment, it can serve as upstream perception for many applications of autonomous

systems, €.g., autonomous driving, robot navigation and human-machine interaction.
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Video panoptic segmentation. Panoptic segmentation of images was first introduced as
a holistic segmentation of all foreground instances and background regions in a scene [ 104],
which was later extended to video [ 1 02]. Video Panoptic Segmentation (VPS) unifies video in-
stance segmentation for thing classes and video semantic segmentation for stuff classes [102].
The difference between VPS with VSS is that in VSS things are segmented into semantic cat-
egories without tracking instances. Here, it also is worth noting that the difference between
VPS and VIS is that the latter considers all stuff classes simply as background, while VPS dis-
tinguishes different classes of stuff. So, this is an instance-aware semantic segmentation with
tracking of object IDs. Overall, VPS jointly provides estimates of object classes, bounding

boxes, masks, instance ID tracking and semantic segmentation in video frames.

Depth-aware video panoptic segmentation. Depth-aware Video Panoptic Segmentation
(DVPS) is defined as an inverse projection problem that restores the point clouds from a video
and simultaneously provides each point with instance-level semantic interpretations [182].
This task also can be considered as an extension to VPS that jointly aims to provide estimates

of panoptic segmentation and depth in a video.

Panoramic video panoptic segmentation. Panoramic Video Panoptic Segmentation
(PVPS) extends VPS to panoramic videos generated simultaneously from multiple cameras.
In addition to the multi-view setting, this task has another added challenge of tracking instance
IDs across multiple cameras at each time. PVPS is an important requirement for autonomous
driving, where there are multiple cameras on the vehicle to capture videos of the surrounding

environment.

2.2.4 Multimodal segmentation

Multimodal Video Object Segmentation, also termed Referring Expression Object Segmenta-
tion, uses input from another modality (e.g., text or audio) to indicate the segmentation target.
This formulation is similar to semi-supervised VOS, where reference is given as a mask an-
notation of the first frame. In contrast, in multimodal video segmentation, reference to the

object is given by text or audio.

Text-guided video object segmentation. Text-Guided video object segmentation is de-

fined as automatically separating foreground objects from the background in a video sequence
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based on referring text expressions. Since text is the most common reference source for video
object segmentation, it simply is called Referring Video Object Segmentation (RVOS). There
are two types of annotations used for text-guided video object segmentation. The first is based
on reference to an object description based on the first frame, which is very similar to semi-
supervised VOS except the reference is text. This kind of reference text mostly describes the
object appearance, e.g., ‘A man wearing a white cap’. The second type of referring text ex-
pression is based on the full video clip and also includes temporal dynamics of the object in

the referring expression, e.g., ‘A person showing his skateboard skills on the road’.

Audio-guided video object segmentation. Audio-Guided Video Object Segmentation
(AGVOS) is defined as automatically separating foreground objects from the background in
a video sequence based on referring audio expressions comprised of spoken descriptions of
target objects [171]. The authors of [171] refer to this task as AVOS, while we use AGVOS
to avoid confusion with Automatic VOS. The motivation for audio-guided VOS is that audio

often contains additional information compared to text, e.g., accent, emotion and speed.

In addition to segmentation based on speech-based referring audio expressions, an audio
guided formulation known as Audio Visual Segmentation (AVS) [293] aims to segment ob-
jects as sound sources in the video. In contrast to the audio referring or audio guided video
segmentation where the audio comes from a speaker asking or describing a target object, the
audio of this setting comes from the scene captured in the video. The problem is to segment

the objects that are producing the sounds.

2.2.5 Tasks summary
Table 2.1 provides a summary of the video segmentation tasks presented in this subsection,

as well as a recapitulation of all their acronyms. Also indicated are current standard datasets

used in evaluation.
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Category ‘Task Target Instances | Tracking | Datasets ‘

Automatic Video Object Segmen- | Primary moving object - - DAVIS’2016 [178], MoCA [116],
. tation (AVOS) YouTube-VOS [266], YouTube-
Objects .
Objects [180]

Semi-automatic VOS (SVOS) Mask-guided object - - DAVIS 2017 | , 23]
Interactive VOS (IVOS) Scribble-guided object - - DAVIS’2017 [179, 23]
Video Instance Segmentation | All Objects v v YouTube-VIS [269], OVIS [181]
(VIS)

Actor-action ‘ Actor-action segmentation ‘ Primary Object related to actions ‘ - ‘ - ‘ A2D [263] ‘
Video Semantic Segmentation/ | All thing and stuff classes - - VIPER [190], VSPW [157]

Scene Video Scene Parsing (VSS/ VSP)

Video Panoptic ~ Segmentation | All thing and stuff classes v v Cityscapes-VPS [102],
(VPS) VIPER [190], VIPSeg [156]
Depth-aware Video Panoptic Seg- | All thing and stuff classes and v v Cityscapes-DVPS [182],
mentation (DVPS) depth SemanticKITTI-DVPS [182]
Panoramic Video Panoptic Seg- | All thing and stuff classes v v WOD:PVPS [154]
mentation (PVPS)
Text guided VOS/Referring-VOS | Text reference guided object - - A2D-Sentence [60], J-HMDB

Multimodal | (RVOS) Sentence [60], Ref-DAVIS [100],

RVOS [197]

Audio Guided VOS (AGVOS) Audio reference guided object - - AVOS [171]
Audio Visual Segmentation (AVS) | Sound producing objects - - AVSBench [293]

Table 2.1: Summary of Video Segmentation Tasks.

2.3 Transformers for video segmentation

2.3.1 Encoder-decoder abstraction

The transformer model was originally proposed for machine translation as a fully attention-
based deep neural network [231]. Here, attention refers to the model performing data asso-
ciations between elements of its input, i.e., attending to those elements. Generally, two dif-
ferent types of attention are distinguished: self-attention and cross-attention. Self-attention
establishes data relationships within a single input, while cross-attention works between two
inputs. The model is a convolution free alternative to recurrent models for machine transla-
tion [147, ]. The transformer model works on a set of tokens with the representation of
each token as a feature vector (N x C') where N is the length of the sets and C' is the feature
dimension. The proposed model processes the entire input set as a whole, in contrast to the
sequential processing of recurrent models. Processing the entire input at once allows better
long range context aggregation in transformers compared to ConvNets. Subsequently, the
transformer model was adapted to computer vision in the Vision Transformer (ViT) model
[50]. In this adaptation, ViT transformed an image into a set of tokens by dividing it into
patches and representing each patch as a single token. Further adaptation of transformers to
videos operates by making spatiotemporal patches [4]. Following the success of ViT, there

is a surge of research in the computer vision community for various image and video under-
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encoder decoder task specific heads

‘ task head 1 ‘

feature encoder context encoder pixel decoder query decoder

‘ task head N ‘

Figure 2.1: Overview of Video Segmentation Transformer Model Functional Components.
The components can be broadly categorized into three functional types: encoding, decoding,

and task specific specialization.

standing tasks, largely outperforming the previously dominant ConvNet-based approaches,

e.g., [195, , 1.

2.3.1.1 Common components

The high level design of the functional components of a video segmentation transformer is pre-
sented in Figure 2.1. This diagram shows an abstraction of the encoder-decoder model found
in recent transformer-based solutions, which also may be applied to tasks beyond segmen-
tation. The model components are subdivided based on the functional purposes they serve.
Since the models evolve over time through research efforts with incremental improvements,
some are instantiated with a subset of these components. More recent models contain most of
these components with diversity in design, typically driven by performance and/or efficiency
concerns. Different segmentation tasks follow the general architecture, with task specializa-
tion embodied in a final task specific head. Typically, the task head itself is a learned network

of variable design.

Despite the variety in segmentation tasks, video segmentation models typically use a com-
mon encoder-decoder approach. They begin by computing high resolution features with rich
semantics from input image data and ultimately use a task-specific head to yield the desired
segmentation. Rich semantics in this context means a representation containing high level
information such as edges, contours, shapes and objects, in contrast to low level representa-
tion of pixel colour intensity. The encoder generates a semantically rich feature representation
from the pixel space representation of the input video. The decoder generates high resolution

semantic features and pixel-level masks. The final task head is a custom component for the
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specific segmentation objective under consideration, e.g., semantic or instance segmentation.

The processing of an input video begins with a feature encoder, often referred as the feature
backbone or extractor. The feature encoder takes input from a low dimensional colour space
and maps it to a semantically richer high dimensional feature space. For this reason, the recent
trend is to use models trained on coarse granularity tasks (e.g., classification) for the feature
encoder and use transfer learning for application to other tasks of interest, e.g., [213, 74, 141].
The main reasons that models trained on classification tasks are good candidates for transfer
learning with rich semantics are the availability of large-scale datasets for classification tasks
and the manageable objective functions used in training that arise from the coarse granularity
of classification. Recent video segmentation models generally use ConvNet models trained on
ImageNet or transformer models trained on ImageNet [ 1 94] or Kinetics [25] as the backbone
feature encoder, e.g., [213, 74, ]. The context encoder, also known as the relation encoder,
is designed to encode long range contextual relationships either spatially or spatiotemporally
over the encoder features. This context encoder generally is equipped with a self-attention
mechanism over a low resolution feature representation, e.g., [24, , 51]. Since attention is
a permutation invariant operation, locality is induced on the features via the use of a positional

embedding.

The spatial decoder (also called the pixel decoder) is developed for pixel level estimation
tasks to generate high resolution features by propagating semantics from low resolution feature
maps over a multiresolution feature space. Conventionally, this component is instantiated with
the Feature Pyramid Network (FPN) [133] or its successors [104, , , ]. The query
decoder (also called the mask decoder) generates pixel-level mask proposals corresponding
to salient features or object instances. The query decoder consists of self-attention, cross-

attention and a feed-forward network.

The task specific head is the most heterogeneous component across different segmentation
tasks. This component can be based on convolutional or linear layers. Depending on the task,
it may also contain additional computation, e.g., Hungarian matching [25 1] for video instance

segmentation.
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2.3.1.2 Input preprocessing

Since the attention mechanism works on sets of tokens, the input video requires preprocess-
ing steps to represent it as a set of tokens. A generalized discussion of preprocessing steps
for video is presented elsewhere [195]. In this subsection, we provide details on the input
preprocessing steps specific to video segmentation, some of which also may be applied to
other tasks (e.g., tokenization essentially is needed for any application of transformers to raw
pixel data to keep dimensionality manageable). In particular, for transformer models of video
segmentation, the preprocessing steps involve tokenization, token-embedding and positional

embedding.

Tokenization. In vision transformers, tokenization refers to dividing an input image or
video into smaller units or patches called tokens [50]. All the tokens produced from an image
or video are then serialized to produce a set that is transformed into token embeddings and then
used as input to a transformer-based model. The patches are generally produced from non-
overlapping spatial regions of various shapes for images, e.g., (8 x 8) or (16 x 16). For videos,
the patches can be spatiotemporal volumes for classification and spatial regions for pixel level
estimation (due to the requirement of preserving the temporal dimension). Alternatively, in a
hybrid model where transformers are used on the output of a ConvNet-based feature extractor,
tokenization is done on the ConvNet features to produce a set of tokens from the feature maps.
Since the ConvNet features are already in a lower spatial resolution, tokenization of these

features may involve a small region, e.g., one pixel.

Token embedding. The token embedding transforms the spatial region or spatiotemporal
volume of the token with multiple pixels to a single feature vector known as the token embed-
ding. When using patch-embedding on high resolution data, such as RGB values or early layer
features of a ConvNet, a spatial patch of size greater than a single pixel is used as the token.
In that case, feature aggregation of all the elements under this window is used to transform
it into a single feature vector. This operation is performed by a combination of simple aver-
aging, concatenating the pixel features, convolution and linear layers. The convolutional or
linear layer can additionally serve to transform the feature dimension to a specific dimension
to be used in the subsequent transformer model. Alternatively, when using tokenization on
the low resolution features of a ConvNet network, often a single pixel feature is transformed

into a single token requiring no further processing for spatial dimension reduction. Even so, a
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feature projection still can be used to transform the feature dimension of the token-embedding.

The components involved here often are referred to as a token-embedding network.

Positional embedding. Positional embedding is used to augment the token embedding
to capture the positional dependency of the tokens in the set. This addition is important be-
cause the attention mechanism is permutation invariant, while position can be important in
many vision tasks, including segmentation. Different forms of position embedding are used in
transformer-based models to encode the position of elements in an input set. The positional
embedding can be fixed or learned depending on whether they are analytically defined or
learned during the training step. Further, it can be absolute or relative, depending on how the
position embedding is aggregated with the token-embedding. Details on the different forms

of positional embeddings can be found elsewhere [50].

2.3.1.3 Output post processing

Some methods for video segmentation include post-processing steps, e.g., Conditional Ran-
dom Fields (CRF) and object pruning. In particular, several methods for video object segmen-
tation on Davis 2016 dataset used CRF [2, , ,92, , , , ], while others used

instance pruning [273, ] or multiscale inference [289].

2.3.1.4 Transfer learning

Video segmentation aims to provide pixel-wise labels. Objective functions for learning at
such fine granularity are difficult to train from scratch [229]. Moreover, generation of large-
scale datasets that have been annotated with this level of granularity is not practical. For
these reasons, video segmentation models use transfer learning from video-level or image-
level granularity tasks. As one specific example, video object segmentation generally uses
models trained on image or video classification tasks [ 194, 97] to initialize the feature extractor
backbone. In particular, many video segmentation models use ConvNet models trained for
ImageNet [194] classification as a backbone feature extractor, e.g., [213, 74]. These models
use pre-trained weights from the classification tasks to initialize the segmentation model for
transfer learning. VGG [206] and ResNet [74] models are the dominant backbones in those

models. Recent video segmentation models with a transformer-based feature backbone use
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transformer models trained on the Kinetics action classification dataset [97]. It also is found
that first training the classification model for object detection (e.g., on COCO [135]) and
subsequently using those trained weights to initialize the segmentation model leads to further

improved learning [94, 95, , ].

2.3.2 Encoder

Typically, the transformer encoder operates in two steps: feature encoding and context encod-
ing. Feature encoding serves to extract an initial representation of the video from colour input
that is suitable for delineating items of segmentation interest. The context encoding serves
to capture relationships between the extracted features across both space and time and to do
so over large extents to enrich the initial features. The remainder of this subsection describes

these two steps in detail, with an emphasis video segmentation.

2.3.2.1 Feature encoder

In general, the first step of encoding in video segmentation transformers involves extracting
high dimensional feature representations from the input data. A large number of transformer-
based models for video segmentation (e.g., [176, , 36, 84, , , , , 80, , 35,

, 182,256, 171,255,103,297,280,256, 171]) use a ConvNet (e.g., [206, 74,42, 192,282])
as feature extractor with a transformer in subsequent processing steps. Another trending ap-
proach (e.g., [271, , , , ]) is to use an image transformer (e.g., [50, , ,

]) to extract features of individual frames and then aggregate to get video features. Most
recently, models have appeared (e.g., [15, , 96]) that use spatiotemporal transformers
(e.g., [141]) as their feature extractor. The input data to some video segmentation tasks in-
cludes information from other modalities in addition to images, e.g., text or audio for referring
video object segmentation. In cases of multimodal segmentation, there is an additional fea-
ture extractor for the additional input modalities and the cross-modal features subsequently are
aggregated. Recent models on multimodal video segmentation employ a transformer-based
text encoder to extract text features [231, 48, ] and Mel Frequency Cepstral Coeflicients
(MFCCs)-based models to extract audio features [160]. Yet another recent approach for au-

dio visual sound source segmentation [293] used a ConvNet-based feature extractor for audio
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input [78].

The ConvNet-based feature extractors follow a similar hierarchical architecture using con-
volution, rectification, normalization and pooling layers to generate a feature hierarchy of suc-
cessively decreasing resolution and increasing semantics [206, 74, 42, , ]. Different
ConvNet models have their own characteristics in their internal architecture, e.g., VGG [206]
presented an architecture using a moderately deep architecture with small filters, while ResNet
[74] used residual connections to facilitate the training of a very deep network. These architec-
tures have been widely in use as feature extractors for video segmentation due to their ability
to generate hierarchical features from input images. A detailed discussion of these ConvNet

models is available elsewhere [66].

Given the recent trend of using spatial transformers [50, , , ] and spatiotemporal
transformers [141] as backbone feature extractors in video segmentation, in the following
we provide a discussion of transformer-based feature extractors. Early image transformers
(e.g., ViT [50]) operate at a single scale, which limits applicability to segmentation where
multiscale features are useful in distinguishing segmentation targets. Multiscale features are
useful for segmentation as the distinguishing aspects of targets typically are manifest across a
range of scales. In response, image transformers with multiscale features have been developed
[44, , , ], somewhat akin to multiscale ConvNet features. Notably, these features
are captured on a framewise basis and thereby leave all temporal processing to subsequent

stages.

Pyramid Vision Transformer (PVT) was the first model to include hierarchical multireso-
lution features in a transformer backbone [245]. PVT extracts features from images that are
of successively decreased resolution. In particular, the PVT architecture is composed of four
stages with progressive shrinking of output resolution by successively increasing the strides.
Each stage is comprised of a patch embedding layer and several transformer encoders with
multi-head self-attention. The resulting model benefits from both the hierarchical structure
of ConvNets as well as the long range data association of transformers. Results show im-
provement over comparable ConvNets on object detection and semantic segmentation [245].

A subsequent extension also applied the features to video instance segmentation [271].

An efficient image transformer backbone used in video segmentation tasks is the Swin

transformer [140]. The Swin transformer achieves improved efficiency by using a shifted
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window mechanism in a hierarchical transformer backbone. The model is presented as a gen-
eral purpose transformer backbone offering linear computational complexity in image size.
The architecture involves four stages with patch merging in between stages. Each stage con-
sists of alternating blocks with Windowed Multi-head Self-Attention (W-MSA) and Shifted-
Windowed Multi-head Self-Attention (SW-MSA). The shifting window mechanism allows for
cross-window attention. The model achieves linear complexity by limiting the self-attention
locally within the non-overlapping windows of fixed size patches that partition an input spa-
tially. The hierarchical feature representation is constructed by beginning with small-sized
patches and gradually merging neighboring patches in deeper stages. The Swin transformer

has been adopted in many recent video segmentation tasks [35, , , , , ].

SegFormer introduced another notable hierarchical image transformer encoder named the
Mix Transformer (MiT) encoder [260]. MiT is designed on top of PVT with a number of novel
features, including overlapped patch merging and a positional-encoding-free design. For effi-
cient self-attention, a sequence reduction process is adopted, following previous work [245].
The positional encoding free design allows MiT to not depend on interpolation of positional
codes during testing with a different resolution input. Several variants also were presented
using the same architecture with different sizes, named MiT-B0O to MiT-B5. The MiT encoder
has been used as a feature extractor for transformer-based video semantic segmentation [211].
Recently, Hierarchical Feature Alignment Network (HFAN) [177] also used the MiT backbone

for automatic video object segmentation.

Video transformers trained for video level granularity (e.g., action recognition [97]) have
been used as the basis of feature extraction for segmentation. Early video transformer models
trained on action classification used a transformer model on top of a 2D feature encoder back-
bone. Video Transformer Network (VTN) [163] used LongFormer [ 1] on top of ResNet [74]
or DeiT [225], and augmented the features with an additional token for classification. Despite
being efficient for long videos, VTN did not encode temporal information in the feature back-
bone. Video Vision Transformer (ViViT) [4] is a purely transformer-based model that encodes
spatiotemporal tokens extracted from an input video using a transformer encoder consisting
of a series of 3D spatiotemporal self-attention layers. To handle long input sets, a factorized
spatiotemporal encoder was employed. Both VTN and ViViT models generate features at a
single resolution making them less attractive for segmentation where fine localization from

multiscale features is an important design principle.
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The Multiscale Vision Transformer (MViT) is a transformer model that progressively
grows the feature dimension with simultaneous reduction of the spatiotemporal resolution [54].
MVIT achieves these hierarchical feature stages by using multi-head pooling attention blocks
to reduce spacetime resolution at successive stages. In contrast to shrinking [245] or patch-
merging [260], pooling operations on the (embedded) token sets are used to reduce the feature
resolution (2D or 3D). Temporal dynamics modeling analysis by shuffling the frame orders
show that this models presents strong temporal modeling capabilities [54]. MViT has been
extended with improved embedding and pooling mechanisms [129] as well as via memory

augmentation [254]; however, these versions have yet to be employed in video segmentation.

The Video Swin Transformer [ 14 1], an extension to the Swin Transformer [ 40], proposed
a transformer model with shifted windows that combines the locality of ConvNets using win-
dowing and the long range data association of transformers through attention mechanisms.
The extension from the Swin transformer to the Video Swin Transformer is done by extend-
ing the scope of local attention computation from only the spatial domain to the spatiotemporal
domain. The model is very fast due to the windowing mechanism. Further, the model allows
bridging between the windows of two successive layers by means of the shifted windows. By
associating information at window boundaries, the modeling power is enhanced, resulting in
performance improvement on various tasks. Due to the benefits of both speed and perfor-
mance in encoding video data, the Video Swin transformer is recently gaining popularity as

a feature backbone in video segmentation tasks [15, ].

Another method, the SIFA-Transformer [142], uses a form of deformable attention to
rescale the offset estimates by the difference between two frames. Deformable attention
uses dynamic sampling to adaptively generate a sparse attention matrix [298]. This method
achieved superior results on video action recognition compared to MViT and Video Swin,
suggesting a possible stronger feature encoding in the model [238]. While not yet applied to

video segmentation tasks, the SIFA-Transformer has potential in this area.

2.3.2.2 Context encoder

The vast majority of transformer-based video segmentation approaches use ConvNets as their
feature encoder and thereby can benefit from subsequent global context aggregation in the
feature maps. Somewhat similarly, many transformer-based feature encoders use attention

in a local window or pooling with large strides in attention. Moreover, in multimodal video
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segmentation, there is a need for long range relationship aggregation on the combined features
generated from multiple input modalities for multimodal video segmentation. To address
these challenges, transformer-based models typically use a context encoder, also referred to
as a relation encoder, equipped with global self-attention to capture long-range relationships
between tokens. More generally, any feature encoder can achieve the added advantage of
enriched features by global context encoding. The context encoder helps the model capture
the spatial and temporal dependencies between elements in the video frames, allowing it to
better understand the semantic content of the scene. This representation can lead to more

accurate segmentation results, especially in complex scenes with multiple interacting objects.

The general architecture of the context encoder, as proposed in DETR for object detec-
tion [24], begins with feature dimension reduction and tokenization to become suitable for
global self-attention processing. Next, the feature maps are tokenized to get a token embed-
ding. Subsequently, a set of transformer encoder layers process the tokens. Each transformer
encoder layer has a standard multi-head self-attention and a feed forward network (FFN). To
incorporate position information in the permutation invariant transformer architecture, DETR

added a fixed positional encoding [ |74, 9] with the tokens.

Approaches to video instance segmentation that have employed context encoding include
the following. Video instance segmentation with Transformers (VisTR) [251] adapted the con-
text encoder from DETR to model the similarities among all the pixel level features in a clip
extracted by a ConvNet backbone. Inter-frame Communication transformers (IFC) [84] used
additional tokens to store compact context information of each frame of a scene in memory.
The inter-frame correlation is achieved by aggregating relationships between memory tokens.
Specifically, two transformers are used to yield this encoder: one to encode the frame context
summary and the other to exchange information between frames. Thus, the memory encoder
works on each frame individually and the communication encoder works between the frames.
The Sequential Transformer (SeqFormer) [255] used a transformer-based context encoder in
each frame independently. SeqFormer argued for handling the 2D space domain and 1D time
domain differently based on the view that the spatial and temporal domains are fundamentally
distinct [288]. The framewise encoding employs deformable attention [298]. Subsequently,
information is aggregated across all frames via region sampling. Ablation studies were pre-
sented to support the design of distinct spatial and temporal processing. A recent multiscale

approach to video instance segmentation, MS-STS [220], uses multiscale spatiotemporal split
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attention in its context encoder to capture spatiotemporal feature relationships across frames
in a video. Specifically, it uses intra- and inter-scale temporal attention to generate enriched
features during encoding. Additionally, it uses an adversarial loss to enhance foreground-

background separability.

Various types of context encoder also are used in semi-supervised VOS. TransVOS [153]
used a context encoder to model the spatiotemporal relationships among pixel-level features of
the input token set. This approach used ConvNet features and adopted a context encoder archi-
tecture similar to DETR. Another approach to semi-supervised VOS, Sparse Spatiotemporal
Transformers (SST) [51] used a context encoder with sparse-attention [40] for computational
efficiency. The SST encoder used sparse multi-head attention, in contrast to global attention.
In particular, a sparse connectivity between the key and value was used in the multi-head

attention, based on the video spacetime coordinates.

Curiously, it appears that no approach to automatic VOS has employed a transformer-
based context encoder. Probably the closest ones using the attention mechanism for AVOS
are Hierarchical Feature Alignment Network (HFAN) [177] and Prototype Memory Network
(PMN) [118]. HFAN used a mechanism similar to self-attention to fuse appearance and mo-
tion features at intermediate stages of encoding, while PMN used an attention mechanism to
adaptively score and select the most useful superpixel-based component prototypes in each

frame as candidates to a memory bank.

Finally, approaches have appeared that address multimodal segmentation using transform-
ers. Multimodal Tracking Transformer (MTTR) for text Referring Video Object Segmentation
(RVOS) presented an end-to-end transformer-based approach [15]. It employed a single mul-
timodal transformer for context aggregation jointly across the two modalities. MTTR initially
extracts features separately from the input text and video frames. Next, the features from the
two modalities are flattened and concatenated to form a multimodal feature set. The context
encoder then uses self-attention on the multimodal feature set to exchange information be-
tween the modalities. Another approach, ReferFormer, also used context encoding to fuse
text and video features [256]. This approach adopted deformable transformer [298] as its
transformer model for efficient global attention. The deformable transformer enhances the
standard attention mechanism by allowing the model to selectively focus on different posi-
tions in the input with varying degrees of importance. By introducing learnable offsets, the

deformable transformer adapts its attention window dynamically, capturing more fine-grained
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dependencies and improving performance on tasks requiring long-range context understand-
ing. The approach projects multiscale visual features to lower dimension and multiplicatively
combines the projection with text features. Finally, a context encoder operates on the fused
features. Yet another multimodal video segmentation approach, Wnet, for audio-guided video
object segmentation, used a transformer encoder to learn a cross-modal representation of the
video and audio features [171]. In contrast to concatenating or multiplying, a wavelet-based
cross-modal module is used to fuse the two modalities. In this context encoder, cross-attention
is used with visual features as queries and audio features as keys and values. This cross-modal
context encoder uses a wavelet based component in addition to the multi-head attention and

feed forward network.

2.3.3 Decoder

The decoding phase of video segmentation tasks includes generating high resolution semantic
features and mask proposals, followed by the final segmentation. Decoding typically operates
in two steps, with the order of the steps depending on the design choices of the particular archi-
tecture considered. Some architectures use a query decoder initially to learn dynamic queries
to represent a set of mask proposals, followed by a pixel decoder for generating high resolu-
tion semantic features. Other variants initially use a pixel decoder to produce multiresolution
semantic features and then a query decoder to learn the dynamic queries from those features.
In this section we will discuss various forms of spatial decoder and query decoder found in
the literature. We present a brief visual overview of the general trends in the combination of

pixel decoder and query decoder for video segmentation in Figure 2.2.

2.3.3.1 Pixel decoder

In the context of pixel level video understanding, we define a pixel decoder (also known as
a spatial decoder) as a model component used to produce high resolution features with rich
semantic abstraction. In general, a pixel decoder takes as input a set of multiscale features of
different resolutions and different levels of abstraction. The multiscale features result from
several intermediate stages of transformer encoding and may also be augmented with features
from the backbone feature extractor. This multiscale feature set thereby contains features of
successively lower spatial dimension, albeit higher in channel dimension and richer in seman-

tics. In this regard, the pixel decoder is employed to propagate the rich semantics from deeper
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(a) A query decoder generally is used before a pixel decoder in single scale decoding models. Here,
f1,...,fs,. .. are the feature maps of successively deeper layers; Q™ is query initialization; D!, ..., D"
are query decoder layers, each containing self-attention, S, and cross-attention, C; AP is a query
attention module that follows the query decoder; and f€ is output feature from the query attention
module. In this type of architecture (e.g., VisTR [251]), generally the high resolution feature maps

from pixel decoder, 7, are used as input to a task specific head, .
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(b) A pixel decoder is used before query decoding in multiscale decoding. Here, fi, ..., f are the

 Tsman
feature maps of successively deeper layers; f], ..., ffmw are the multiscale feature maps from pixel
decoder; Dl, ..., D™ are query decoder layers, each containing self-attention, S, and cross-attention, C;
AP is the query attention module that follows the query decoder; and f€ is the output feature from the
query attention module. In this type of architecture (e.g., Mask2Former [37, 35]) the output feature of
the query attention module, f¢, and highest resolution feature from pixel decoder, ff , are concatenated

to produce decoder feature, f”, which subsequently is used as input to a task specific head, .

Figure 2.2: Pixel Decoder and Query Decoder in Pixel Level Estimation Model. In single

scale designs, query decoding typically precedes pixel decoding (a); in multiscale designs,

the opposite is true (b).
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layer low resolution features to the early layer high resolution features. Thus, the multiscale
feature output from the pixel decoder has features that all are rich in semantic information.
Depending on the design choice, the subsequent modules of the pixel level estimation model

can use any or all of the higher resolution features for task specific mask generation.

Pixel decoding addresses three important aspects of pixel level image/video understand-
ing. First, small objects in a scene may have lost their detailed shape or appearance in the deep
layer features due to successive striding operations. Moreover, in practical scenarios, objects
can appear at various scales in an image or video frame. For example, the output features
of a traditional ConvNet are generally 32 times smaller in spatial resolution compared to the
input. A small object in a scene may have lost its original shape at this scale. Second, pixel
level estimation requires precise localization at the granularity of a pixel. However, masks
generated from low resolution features may lose precise localization when upsampled to the
input size. Third, early layer features, while precise in localization, may lack in semantics
(e.g., awareness of objects and context) to unambiguously detect or label on a local basis. The
pixel decoder addresses these issues by producing high resolution features with semantics

from deep layer features.

Recent developments in the design of pixel decoders are shown in Figure 2.3. A widely
popular architecture for pixel decoding is the Feature Pyramid Network (FPN) [133], initially
proposed for object detection. This architecture produces high-level semantic feature maps
at all scales using lateral connections on the feature encoder in a top-down manner. The de-
sign operates by creating a feature pyramid based on hierarchical ConvNet features. Initially,
each feature map of the pyramid is projected to a common embedding dimension (e.g., 256
channels). The feature embedding from the deepest layer is then up-sampled and added to the
next higher resolution feature embedding. This feature embedding is then further up-sampled
and added to the next highest resolution. This process is continued until the highest resolu-
tion feature embedding. Finally, all these new feature embeddings are input to common mask

heads to generate estimates at multiple resolutions.

The Feature Pyramid Network was presented as a generic solution for building feature
pyramids from the feature hierarchies of backbone feature extractors, e.g., ConvNets. The
model was originally proposed for object detection and segmentation from images. For object
detection, the model was adopted in the Region Proposal Network (RPN) [187] and Fast R-

ConvNet [63]. Additionally, it also was demonstrated for segmentation proposal generation.
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(c) BiFPN [215] with multiple alternative top-down and bottom-up pathways.

Figure 2.3: Recent Trends in Pixel Decoder Design. Shown are schematic diagrams of recent
trends in the design of pixel decoder showing a) FPN [133], b) Panoptic-FPN [104] and c)
BiFPN [215]. In all three diagrams, fi, ..., f; are four input features to the pixel decoder, 7,
..., f} are four output features from the pixel decoder, green circles are top-down pathways
and blue circles are bottom-up pathways. Four features are shown for a concise depiction and
comparison; the number of features can vary across different implementations. The circles of
top-down and bottom-up pathways generally contain convolution, up-sample and arithmetic

addition operations.

The original image based approach is now widely used for videos.

Panoptic-FPN [104] added a FPN to Mask R-CNN [73] for panoptic segmentation. Two

task heads were employed, with one for instance segmentation to capture things and the other
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for semantic segmentation to capture stuff. As part of the innovation, the architecture modified
the original FPN by up-sampling all intermediate features to the highest resolution features.
The resulting approach was found to perform better for semantic segmentation compared to
Mask R-CNN. Several other approaches have followed this general path. PANet [137] adds
an additional bottom-up pathway on top of a FPN for instance segmentation. PAN [123]
added a global attention up-sample module to the FPN for the task of semantic segmenta-
tion. NAS-FPN [62] and Auto-FPN [264] presented an improved FPN architecture by using a
Neural Architecture Search (NAS) approach. NAS is a method used to automatically search
for optimal network architectures by exploring and evaluating a large space of possible ar-
chitectures for a given task. EfficientDet [215] presented a weighted Bidirectional Feature
Pyramid Network (BiFPN) for fast multiscale feature fusion. It extended the idea of PANet
by adding repeated blocks of top-down and bottom-up feature aggregation. Additionally, it
used a learnable weighting method for each feature during aggregation to emphasis their dif-
ferent contributions. The approach performed better on object detection and instance-level
segmentation compared to using FPN. Another approach, FaPN, is designed to contextually
align up-sampled higher-level features [83]. For this purpose, a feature selection module is
used to emphasize deeper features with richer semantics. These features are upsampled and
spatially registered to higher resolution features via a learnable alignment module. The ap-
proach is demonstrated across four pixel level tasks: object detection, semantic, instance and

panoptic segmentation.

Recently, attention-based pixel decoding has been found to provide superior performance
over ConvNet-based pixel decoding. Deformable-DETR [298] used an attention-based pixel
decoder for object detection, which later was adopted for segmentation. This pixel decoder
also is known as a deformable attention pixel decoder. The decoding combines the sparse spa-
tial sampling of the deformable convolution operation and the relation modeling of the trans-
former to yield a multiscale deformable self-attention module. Subsequently, Mask2former
[37] adopted this deformable attention pixel decoder for segmentation tasks. This multiscale
attention module works on top of a multiscale feature pyramid and aggregates the transformer-
based context encoder and FPN in a single module. Due to the quadratic complexity of self-
attention, transformer-based context encoding is not practical for high resolution features from
the feature encoder. The use of sparse sampling allowed the self-attention to be computation-
ally feasible on high resolution feature maps. This pixel decoding approach was found to

perform consistently better than other ConvNet-based pixel decoding approaches across var-
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ious segmentation tasks.

2.3.3.2 Query decoder

The query decoder used in video segmentation takes as input the feature maps from a pixel
decoder. This module also is known as mask decoder or bounding box decoder. The query
decoder generates segmentation masks using successive iterations of self-attention and cross-
attention mechanisms. The query decoder design is inspired by DETR [24], which used
learned queries to formulate object detection as a set prediction problem. In particular, learned
queries are used to capture the centre, height and width of bounding box estimates. Sub-

sequently, the approach has been extended to pixel level segmentation for mask prediction

[251, 37].

There are several benefits of using a query decoder for pixel level segmentation in images
or videos. First, the query learned from a spacetime volume of video features can generate
pixel level masks for the volume in an adaptive fashion. Second, the mask decoding ap-
proach can unify multiple segmentation tasks in a single framework [37]. Third, the resulting
model is end-to-end trainable without requiring an additional proposal generation network for
videos. Fourth, the model is able to capture long range relationships between video targets

(e.g., objects).

For video, the query decoder takes two inputs: flattened spacetime feature volumes and a
randomly initialized set of queries. The flattened spacetime feature volumes also are referred
to as a key-value memory entries in this context. The query decoder processing steps include
self-attention, cross-attention and a Multi-Layer Perceptron (MLP). Initially, self-attention is
performed on the query input. Next, cross-attention is performed between query and space-
time features using the spacetime feature as key and value. Finally, the query is processed
with a MLP. After multiple layers of such operations, the output queries operate on the mem-
ory features to generate attention maps. These attention maps can be used directly as object
saliency or object binary masks for the segmentation. For video instance segmentation, an
additional mask classification head is used along with the Hungarian algorithm [ 15] for bi-

partite matching between the sets of masks and classes [251].

Several approaches have emerged that follow the general paradigm that was sketched in
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the previous paragraph. Video instance segmentation with Transformers (VisTR) presented
a transformer-based query decoder aimed at decoding pixel features to represent object in-
stances in each frame, which were termed instance level features [251]. Following a similar
approach to DETR, it used instance queries learned with a transformer decoder operating on
top layer features. These instance queries are then used with the top layer features to produce
instance mask features at the pixel level. The instance mask features are concatenated with the
top layer features and further processed with a pixel decoder to produce high resolution mask
features by aggregating high resolution encoder features. Finally, the instance mask is gener-
ated from these instance features using a 3D ConvNet. Another approach, Inter-Frame Com-
munication Transformers (IFC), used decoding instance masks with two modules: a spatial
decoder and a transformer decoder [84]. The transformer decoder uses the encoder output to
learn a fixed set of query embeddings corresponding to a set of objects. The number of queries
is constant per clip, while in VisTR the number of queries grows linearly with the number of
frames; this innovation enables more efficient decoding compared to VisTR. Two output heads
work on top of the transformer decoder: a class head and a segmentation head. The segmenta-
tion head uses a FPN-like [ 1 33] pixel decoder to generate high resolution features before mask
prediction. Another recent approach for video instance segmentation, SeqFormer, presented
a query decompose transformer decoder that breaks the instance queries into frame-level box
queries [255]. This query decomposition mechanism allows for restricting attention to fo-
cus on the same instance across frames. A fixed number of learnable instance queries for
the same instance from each frame was employed, in contrast to the frame-level instances in
VisTR. The decomposed transformer decoder learns one instance query for the whole clip
and one box query for each frame. SeqFormer used deformable attention in its transformer
decoder [298]. Since the deformable attention only attends to a small set of sampling points,
this design results in efficient and less noisy attention. On top of the decoder, it used three task
specific heads: mask head, box head and class head. Yet another transformer-based image and
video segmentation approach, Mask2Former, has shown state-of-the art results on video in-
stance segmentation by trivially generalizing the architecture for video segmentation [37, 35].
In contrast to other transformer decoding used for video instance segmentation, it learned in-
stance queries from a set of multiscale features. Operations proceed through initial use of a
FPN to enrich lower layer features with higher layer semantics, followed by a transformer de-
coder that learns instance queries from the enriched multiscale features. The decoder building

blocks follow an architecture similar to VisTR, with the modification of alternating multiple
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resolution feature sets in the decoder layers.

TransVOS [153] presented a transformer-based query decoder similar to VisTR [251] that
also produces pixel mask features. It uses the query decoder to predict spatial positions of tar-
get objects in query frames for the task of semi-automatic (query frame mask guided) video
object segmentation. A single object query is sufficient because semi-automatic video object
segmentation aims to segment one given object in a query frame throughout the other frames
in the video. Subsequently, a Target Attention Block (TAB) is used to get an attention map of
the object at the query frame. This target object attention map is concatenated to the features
of the frames to be segmented. A segmentation head is used to segment the target object in the
current frame from these concatenated feature maps. Another approach for semi-automatic
VOS, SST, used a generic convolutional segmentation network in the decoder that works on
current frame features and a truncated history embedding instead of using a transformer de-

coder [51].

The multimodal transformer encoders that were introduced in the previous section [15,

] also have corresponding decoders. Multimodal Tracking Transformer (MTTR) for text-
referring video object segmentation used a transformer decoder on top of the multimodal
encoder to learn object query embeddings [15]. Multiple object queries per input frame were
used in this model with the decoder memory features from the encoder’s multimodal features.
In this approach, corresponding queries of different frames share the same weights and each
query represents an embedding specific to some instance. By using instance specific shared
queries across frames, this decoder achieves natural tracking of object instances. For each of
the instance query outputs from the transformer decoder, a feed forward network was used
to generate conditional convolution kernels [223, ]. Again, from the visual feature com-
ponent of the multimodal output of the encoder, high resolution, semantically rich features
were generated using a FPN-like [133] spatial decoder. Then, a sequence of segmentation
masks is generated by convolving the generated convolution kernels with the corresponding
frame features. Finally, a text association scoring is used to determine which of the object
query sets has the strongest association with the object described in the given text. Another
approach for the same problem, ReferFormer, uses a transformer decoder with object queries
for the referring objects conditioned on the language expression [256]. This approach of using
conditional object queries simplifies the segmentation by directly decoding only the referred

objects. Hence, this approach does not require object and text association on all of the objects
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in the scene. The transformer decoder architecture is similar to VisTR [251] with the differ-
ence of shared queries across frames. The use of shared queries allows support for videos
of variable lengths. In addition, the text features are jointly fed to the decoder as input to
make the query learning conditioned on the text features. Finally, three task heads were used
to work on the instance embeddings and cross-modal segmentation features: class head, box
head and mask head. A Cross-Modal Feature Pyramid Network (CM-FPN), adapted from the
FPN [133], was used to generate high resolution cross-modal features. For this purpose, they
added multi-head self-attention to the FPN. The mask head used the instance embeddings to

generate dynamic convolution kernels [223] and convolve with the encoder features.

Multimodal video segmentation approach, Wnet [171] for audio-guided video object seg-
mentation, uses a self-attention free transformer decoder to learn instance queries, following
Fnet [121]. This paper argues that the joint representation of audio and video is more suitable
for processing in the frequency domain. For this reason, it replaced the self-attention in the
transformer decoder layer with a Fourier sublayer: A 2D Discrete Fourier Transform (DFT)
is applied to the embedded input, with one dimension of the transform operating along the
token dimension and the other operating along the hidden dimension. Subsequently, only the

real part of the transform is used as instance queries to generate object segmentation masks.

2.3.4 Universal video segmentation transformers

Recently, video segmentation research has focused on designing universal segmentation mod-
els capable of handling multiple segmentation tasks in a single model. This trend is motivated
by the evolution of various segmentation models toward having similar components with a
difference in customized task heads and training objectives. These models typically use a
Multi-Task Learning (MTL) approach [26, 27, , ]. MTL in the context of deep learn-
ing aims to design a universal network architecture capable of learning generalization across
multiple tasks. MTL has been gaining interest in the computer vision community to improve
generalization, reduce latency and allow multiple tasks to benefit from sharing complemen-
tary information. The recent advancement in artificial intelligence using transformer-based
models has led to increased interest in unified modeling approaches [88, 87, , ]. In
particular, there has been an increased interest in unified modeling of multiple video segmen-

tation tasks.
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The recently presented TubeFormer-DeepLab [ 103] is a pioneering effort aimed at provid-
ing a unified model for multiple video segmentation tasks. Specifically, a model is presented to
solve video semantic segmentation, instance segmentation and panoptic segmentation with a
possibility for extension to Depth-aware Video Panoptic Segmentation (DVPS). This approach
formulated video segmentation as partitioning video frames into tubes with various semantic
labels. In this formulation, multiple video segmentation tasks are generalized to tube labeling.
The model architecture is developed by extending mask transformer [237]. The processing
begins by generating a set of pairs of tube embeddings and class predictions. Next, the tube
prediction is obtained from the tube embedding and pixel level video features. The generaliza-
tion comes from the new formulation for directly predicting class labeled tubes. This universal
architecture achieved better or competitive results across several video segmentation tasks on

different benchmarks compared to specialized single or ensemble models.

Another recent approach, TarViS, presented a unified model for object detection and seg-
mentation [5]. This model is trained jointly on multiple video segmentation tasks. The model
is able to ‘hot-swap’ between tasks during inference by specifying a segmentation target with-
out requiring task-specific retraining. The model is demonstrated on four different tasks:
Video Instance Segmentation (VIS), Video Panoptic Segmentation (VPS), Video Object Seg-
mentation (VOS) and Point Exemplar-guided Tracking (PET). In contrast to TubeFormer-
DeepLab, TarViS used multiple sets of output queries instead of multiple task heads, following
PerceiverlO [88, 87]. The main idea of TarViS is to encode a set of task specific targets as
queries and then produce pixel level masks for each target using a transformer-based model.
Swapping between the tasks is achieved by providing task specific targets during the infer-
ence. The segmentation masks are generated by the inner product of learned output queries
and video features. In comparison to TubeFormer-DeepLab, TarViS reported competitive

results on CityscapesVPS [102] and better results on VIPSeg dataset [156].

2.3.5 Miscellaneous video transformers

In addition to the above mentioned common model components and transformer-based mod-

els, we include some miscellaneous approaches in the following.

There have been several research efforts on improving the efficiency of video transform-

ers. One notable approach, TimeSFormer, explored various methods of spacetime separable
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attention [12]. In particular, TimeSFormer compares spacetime attention, divided spacetime
attention and axial attention. In the context of video action recognition, the divided spacetime
attention, where temporal attention and spatial attention are applied separately, was found to
perform better compared to others. Another approach to computational overhead, Spacetime
Mixing Attention, uses the full spatial region of video frames, but a temporal window that
grows with layer depth, somewhat reminiscent of ConvNet design [20]. This approach allows
for the computational complexity to be independent of the temporal length of the video, be-
cause temporal window size remains constant. Yet another approach, Temporally Efficient
Vision Transformer (TeViT) [271] for video instance segmentation, uses a messenger token
shift and spatiotemporal query interaction for efficient computation. The messenger token
shift is a nearly parameter-free mechanism used for early temporal context fusion. TeViT

obtains state-of-the-art results on VIS with an efficient computation model.

Other research on transformer-based video understanding models explored various meth-
ods for dynamically sampling attention maps, rather than using global attention. A prominent
method in this direction is the deformable attention mechanism [298], which was introduced in
Section 2.3.2.2. Another transformer-based approach to video captioning, SWinBERT [132],
also uses adaptive sampling to learn a sparse attention mask. It used this learnable sparse at-
tention mask as a regularizer to improve long-range video sequence modeling with less noisy
attention. To achieve this goal, the model imposes a sparsity constraint overlaid on the at-
tention masks of the visual features. The model yielded state-of-the-art results on multiple
datasets for video captioning. Although not yet applied to video segmentation, this approach
of sparse attention has the potential for adaptation to address computational issues for seg-

menting long duration videos.

2.4 Currently dominant video segmentation approaches

In this section we revisit the various video segmentation tasks defined in Section 2.2, now with
an emphasis on the currently most popular and best performing transformer-based approaches

for each.
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24.1 Objects

Automatic video object segmentation. Dominant approaches to Automatic Video Object
Segmentation (AVOS) rely on optical flow as an additional input along with colour images [295,

, , 91]. These models generally use a two-stream architecture for extracting appear-
ance features from colour images and motion features from optical flow. There are different
feature-fusion approaches available in the literature to aggregate these features, e.g., the com-
monly used late fusion [91] vs. recently presented multistage fusion [295, ]. In contrast,
Treating Motion as Option TMO [4 1] used optical flow but reduced the dependency on flow
features by treating it as optional information and fusing it to appearance features only during
decoding, if it is available. Another family of approaches considers attention to capture recur-
ring objects without requiring optical flow features in a video via simple mechanisms, e.g.,
co-attention [241, ]. Among other recent approaches, Iterative Mask Prediction (IMP)
applied a Semi-automatic Video Object Segmentation (SVOS) model to AVOS [119]. This
approach used a Salient Object Detection (SOD) model to generate an initial pixel-wise esti-
mate for all frames and then sampled the easy frames using a separately trained model. Finally,
it propagated these sampled frame estimates to all other frames using an SVOS model. Mem-
ory based approaches also have been in use for AVOS. One such recent approach is Prototype
Memory Network (PMN) that scores and samples superpixel based aggregated features as
memories to be used in subsequent frames [!18]. Yet another recent approach, Isomerous
Transformer (Isomer) [281], used two variants of transformer: Context-Sharing Transformer
(CST) for global-shared contextual information and Semantic Gathering-Scattering Trans-

former (SGST) for semantic correlation modeling for automatic video object segmentation.

Semi-automatic video object segmentation. In general, Semi-automatic Video Ob-
ject Segmentation (SVOS) approaches employ feature alignment or attention-guided mech-
anisms to propagate the mask of target objects (also called query objects in some contexts)
from a given annotated reference frame to the entire video sequence. Matching-based ap-
proaches learn to match features of the target frames with the reference frame [$2]. In some
approaches, the matching also uses estimates from several previous frames to segment the
current frame [1606, , , ]. Another research direction leverages a memory net-
work to remember an embedding of previous predictions and uses a memory-guided atten-
tion mechanism to segment the current frame [ 144, , ]. One such notable approach,

Hierarchical Memory Matching Network (HMMN) uses a memory-based method with two
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advanced memory read modules to perform memory reading at multiple scales and exploit
temporal smoothness [199]. Conversely, Space-Time Correspondence Network (STCN) uses
direct image-to-image correspondence for efficient and robust matching purposes [39]. Al-
ternatively, Per-Clip Video Object Segmentation (PCVOS) presented a clip-wise mask prop-
agation approach using an intra-clip refinement and a progressive memory matching mod-
ule [173]. Recent approaches also use attention-based mechanisms for SVOS to propagate
masks [51, , ]. To improve further the performance of challenging multi-object sce-
narios, an attention-guided decoder also has been used [130]. Another line of research uses a
long short-term transformer for constructing hierarchical matching and propagation to asso-
ciate multiple targets into a high-dimensional embedding space for simultaneous multi-object

segmentation [27/5].

Interactive video object segmentation. Recent Interactive Video Object Segmentation
(IVOS) approaches typically work by following an interaction-propagation approach [76, 158,
, 38]. Interaction-and-Propagation Networks (IPNet) introduced two internally connected
networks jointly trained for user interaction processing and transferring the annotations to
neighboring frames [167]. Another approach, the Memory Aggregation Networks (MANet),
used integrated interaction and propagation in a single network to improve efficiency [158].
An effective memory aggregation mechanism was used in this method to record the infor-
mative knowledge from the previous interaction rounds. Later, Annotation Transfer Network
(AT-Net), used an Annotation Network (A-Net) and a Transfer Network (T-Net) that alternate
to generate the segmentation results [76]. The A-Net first generates a segmentation result
from user scribbles on a frame and then the T-Net propagates the segmentation result bidirec-
tionally to the other frames by employing global and local transfer modules. Yet another ap-
proach, Guided Interactive Segmentation (GIS), presented a reliability-based attention mod-
ule and intersection-aware propagation module [77]. Conversely, Modular interactive Video
Object Segmentation (MiVOS), decouples the interaction-propagation as interaction-to-mask
and mask propagation, where an interaction module converts user interactions to an object
mask and then the mask is temporally propagated [38]. For efficient temporal mask propa-
gation, a spacetime memory model is employed in this method with a novel top-k filtering

strategy to read the memory.

Video instance segmentation. Video Instance Segmentation (VIS) recently has been the

subject of especially intensive investigation. Recent dominant approaches for VIS follow a
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simultaneous segmentation and tracking approach using transformer-based attention mecha-
nisms [251, 84, ]. Crossover learning for Video Instance Segmentation (CrossVIS), used a
crossover learning scheme for online VIS that localizes an instance in other frames from the in-
stance feature of the current frame [270]. This approach also used an additional branch, called
global balanced instance embedding, for a stable online instance association. Another ap-
proach, Video instance segmentation with TRansformers (VisTR), used a transformer-based
encoder-decoder approach followed by multiple task-heads for detection, segmentation and
matching-based tracking to work on an entire video sequence in a single inference [251]. This
formulation allows for simple yet efficient video instance segmentation. Yet another approach,
Inter-Frame Communication Transformers (IFC), used a concise memory token representa-
tion as an efficient encoding of the clip context [84]. The inter-frame tracking is achieved via
an exchange of information between the memory tokens. Conversely, Sequence Mask R-CNN
(Seq Mask R-CNN), presented a propose-reduce paradigm to generate prediction for a whole

clip in a single step [131].

Recently, Efficient Video Instance Segmentation (EfficientVIS), presented a fully end-to-
end solution that achieves whole video instance segmentation in a single pass without requir-
ing additional data association and post-processing [258]. To address computational complex-
ity, Temporally efficient Vision Transformer (TeViT), uses message passing based on frame-
level temporal context and query-based instance-level temporal context to achieve strong tem-
poral consistency on the VIS task [271]. Another approach addressing computational com-
plexity, Sequential transFormer (SeqFormer) [255], used deformable attention [298] in the de-
coder to first locate the object bounding box queries in each frame and then aggregated to the
instance queries to predict dynamic mask head parameters. The tracking is achieved by con-
volving the encoded feature maps using a mask head. Another recent approach, Tubelet Trans-
former DeepLab (TubeFormer-DeepLab) demonstrated a transformer-based unified model for
multiple video segmentation tasks including video semantic, instance and panoptic segmenta-
tion [103]. Similarly, video Kernel Network (K-Net), also used a video panoptic segmentation

model equipped with a dynamic kernel for video instance segmentation as a subtask [128].

Another research direction formulated the problem not to use annotation during train-
ing; in particular, FreeSOLO [249] presented a simple yet effective solution to learn instance
segmentation following a contrastive learning approach [250]. Alternatively, motivated by

online problem settings, In Defense of OnLine models (IDOL) is a transformer-based ap-
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proach to VIS that used contrastive learning to learn more discriminative and robust instance
embeddings for frame-to-frame association [257]. Another approach, Video Mask Transfiner
(VMT), introduced a method to leverage high resolution temporal features for mask refine-
ment across frames using an efficient video transformer [98]. Following similar motivation,
Multi-Scale SpatioTemporal Split attention transformer (MS-STS) introduced a multiscale
spatiotemporal split attention module to capture spatiotemporal feature relationships across

multiple scales for video instance segmentation [220].

Very recently, Instance Motion for object-centric video segmentation (InstMove) intro-
duced a method to leverage instance-level motion information by using a memory network
that can be integrated into existing models to boost the performance of various video segmen-
tation tasks, including video instance segmentation [136]. Alternatively, Generalized Video
Instance Segmentation (GenVIS) introduced a method for unified video label assignment
using a framework to sequentially associate clip-wise predictions [75]. Another approach,
Context-Aware Relative Object Queries (CAROQ) introduced an approach to continuously
propagate object queries frame-by-frame to track objects without post-processing [43]. Yet
another approach in the open-world setting for segmenting unfamiliar objects, Cut-and-LEaRn
(CutLER), used a cut-and-learn pipeline to discover objects [248]. Another unified video
segmentation model, TarViS [5], employed transformer based queries for video instance seg-
mentation. Conversely, Decoupled Video Instance Segmentation Framework (DVIS) [285]
proposed a decoupling strategy for VIS by dividing it into three independent sub-tasks of
segmentation, tracking and refinement. Another recent approach, Temporally Consistent On-
line Video Instance Segmentation (TCOVIS) [125], presented a novel online strategy for seg-
menting video instances, emphasizing the optimal use of temporal data within video clips.
The approach prioritizes a global strategy for assigning instances and a module for enhancing
spatiotemporal properties to improve the coherence of temporal features. Yet another recent
approach, Consistent Training for Online Video Instance Segmentation (CTVIS) [279], pre-
sented a simple yet effective training strategy termed consistent training, which is based on
aligning the training and inference pipelines to construct contrastive items. Another universal
video segmentation approach, Tube-Link [127], also presented video instance segmentation
along with several other video segmentation tasks following a temporal contrastive learning

approach to build instance-wise discriminative features for tube level association.
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2.4.2 Actors and Actions

Trending research on actor-action segmentation typically include 2D or 3D ConvNets as fea-
ture backbones and use optical flow as an extra input along with colour (RGB) frames to
localize object motion as indicative of a probable actor [93, 47, ]. Some approaches for-
mulate the model as simultaneous multi-task learning by adding multiple branches of task
heads on top of a feature backbone [93]. Specifically, separate prediction branches are used
for mask segmentation, actor classification and action classification on top of fused features
from RGB frames and optical flow inputs. Another notable approach uses a region of interest-
based approach with region masks from an instance segmentation algorithm followed by non-
maximum suppression and a classification head [47]. Recently, Single Shot Actor-Action De-
tection (SSA2D) introduced a simple yet effective proposal-free model using 3D convolutions

to perform pixel-level joint actor-action detection in a single shot [185].

2.4.3 Scenes

Video semantic segmentation. Most common approaches in Video Semantic Segmentation
(VSS), also referred to as Video Scene Parsing (VSP), follow propagation based segmentation
from a key-frame (semi-automatic) or previous frames (automatic) to other frames. Typically,
these approaches rely on optical flow based warping to propagate their labels [58, , 49,

]. However, trending research instead uses inter-frame attention [ 176, , ] to capture
the temporal relations between consecutive frames without depending on optical flow. For
example, Temporal Memory Attention Network (TMANet) adaptively integrates the long-
range temporal relations over a video sequence with a temporal memory attention module
to capture the relation between the current frame and a memory generated from several past

frames [236].

To further address efficiency, Sparse Temporal Transformer (STT) used sparse inter-frame
cross-attention on a query and key selection strategy to reduce the time complexity of atten-
tional processing [124]. Another approach, Temporal Context Blending (TCB), introduced
a model to effectively harness long-range contextual information across video frames using
a spatiotemporal pyramid pooling mechanism [!57]. Alternatively, SegFormer, presented a

hierarchically structured transformer encoder, named Mix Transformer (MiT), that operates

42



without using positional embedding coupled with a simple decoder [260]. Another approach,
video Kernel Network (K-Net), used a video panoptic segmentation model equipped with a
dynamic kernel for video semantic segmentation as a subtask [128]. As yet another approach,
Coarse-to-Fine Feature Mining (CFFM) used inter-frame cross-attention with coarse features
on past frames for efficient cross-attention [21 1]. An interesting unified segmentation model,
Tubelet Transformer DeepLab (TubeFormer-DeepLab), also demonstrated its performance on
video semantic segmentation [ 1 03]. Recently, another universal video segmentation approach,
Tube-Link [127], also presented video semantic segmentation following a temporal cross-tube

matching approach.

Video panoptic segmentation. Recent efforts on Video Panoptic Segmentation (VPS)
use multiple task head branches for detection, segmentation and tracking. The Video Panop-
tic Segmentation Network (VPSNet) initially aggregates warped features of past frames to the
current frame, performs spatiotemporal attention followed by multi-task branches and then
explicitly models cross-frame instance association specifically for tracking [102]. Another
approach, Siamese model with Tracking head (SiamTrack), used a similar architecture and
jointly learned coarse segment-level matching and fine pixel-level matching for temporal asso-
ciations using a supervised contrastive learning approach [252]. Yet another approach, video
Kernel Network (K-Net), introduced a content-aware dynamic kernel with a bipartite match-
ing strategy [128]. Video inverse Projection DeepLab (ViP-DeepLab) for depth-aware video
panoptic segmentation jointly performs video panoptic segmentation and monocular depth
estimation as two subtasks of the main problem using a unified model [182]. This model
achieved state-of-the-art results on the task of video panoptic segmentation as the first sub-
task of depth-aware video panoptic segmentation. Another unified multitask model, Tubelet
Transformer DeepLab (TubeFormer-DeepLab), presented a mask transformer-based approach
to partition a video clip into class-labeled tubes that yielded a general solution to Video Se-
mantic Segmentation (VSS), Video Instance Segmentation (VIS) and Video Panoptic Seg-
mentation (VPS) [103].

Yet another approach, panoptic Slots for VPS (Slot-VPS), presented an end-to-end frame-
work with an object-centric representation learning approach for video panoptic segmenta-
tion [297]. It encoded all panoptic entities in a video with a unified representation, called
panoptic slots, that capture their visual appearance and spatial information across time. It used

a video panoptic retriever to retrieve and encode coherent spatiotemporal object information
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into the panoptic slots. The retriever is a three-stage pipeline that includes slot assignment,
slot prediction and slot refinement. The approach used three prediction heads to produce clas-
sification, mask and object ID from the panoptic slots. A recent video instance segmentation
approach, Context-Aware Relative Object Queries (CAROQ), also demonstrated the effective-

ness of object query propagation for panoptic video segmentation [43].

Depth-aware video panoptic segmentation. Recent efforts on Depth-aware Video Panop-
tic Segmentation (DVPS) mostly extended non-depth aware panoptic segmentation approaches
with an extra depth estimation head. One notable approach, ViP-DeepLab was the first pre-
sented model for DVPS that used an additional prediction head for monocular depth estima-
tion [182]. Subsequently, TubeFormer-DeepLab presented a unified model to combine multi-
ple video segmentation tasks in a single model, which thereby went beyond just DVPS [103].
The approach begins by partitioning a video clip into tubes with class prediction and tube
embedding vector pairs that later are used to generate a tube prediction. For this purpose,
hierarchical structure is employed, with two types of dual-path transformer blocks using mes-
sage passing between video features and a latent memory or a global memory. Yet another
recent approach, PolyphonicFormer presented a transformer-based query learning approach
for DVPS that unifies both panoptic segmentation and depth estimation [280]. This unified
modeling enables interaction between panoptic context and depth information allowing them
each to benefit from the other. Overall, the model has three components. First, a feature extrac-
tor generates features for panoptic segmentation and depth estimation. Second, a polyphonic
head learns the queries for these tasks. Third, a tracking head is used to learn the feature
embedding among the frames. Another recent approach, Bi-directional Guidance Learning
(BGL) [72], presented a framework that integrates depth information into panoptic segmenta-
tion by simultaneously conducting segmentation and depth estimation for each segment using
shared object queries. It employs a geometric query enhancement method and bi-directional

guidance learning to enhance the relationship between the tasks.

Panoramic video panoptic segmentation. Currently, a single approach to Panoramic
Video Panoptic Segmentation (PVPS) has appeared [ 154]. It operates by augmenting the ViP-
DeepLab video panoptic segmentation algorithm to accept multi-camera input [ 182]. For this
purpose, it trains separate models for each camera view and an additional model on a panorama
generated from all views. To track instance IDs across camera views, a similar method to

that used in ViP-DeepLab to track instance IDs across time is followed. This instance ID
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tracking method is based on comparing loU between region pairs, e.g., two masks with high

IoU overlap are re-assigned with the same instance ID.

2.4.4 Multimodal video segmentation

Text-guided video object segmentation. Early efforts on Text Guided VOS (TGVOS), also
known as Referring-VOS (RVOS), generally follow a two stage pipeline: First, a referring
bounding box is tracked across a video; second, the box is segmented to indicate the object of
interest on a pixel-wise basis [99]. A notable recent approach, Unified Referring Video Object
Segmentation (URVOS), presented an efficient and unified model to initially segment some
masks guided by the referring expressions, followed by a propagation based semi-supervised
VOS to produce the final results [197]. Another approach, You Only inFer Once (YOFO), pre-
sented a multiscale cross-modal feature mining structure and an augmented memory based
meta-transfer mechanism that learns target specific features [122]. Recently, transformer-
based models have been introduced for RVOS that use an encoder-decoder architecture. One
such approach, Multimodal Tracking TransformeR (MTTR), initially extracts features from
the text and video for subsequent concatenated multimodal feature sequences [15]. Then, a
multimodal transformer encoder is used as feature relation encoder followed by a transformer
decoder to decode instance-level queries. Finally, corresponding mask and reference labels are
generated. Another transformer-based approach, ReferFormer, presented a simple and unified
end-to-end transformer-based framework that uses object queries conditioned on language
expressions [256]. The tracking of objects is achieved by linking the object queries across
frames. Another recent work, Hybrid Temporal-scale Multimodal Learning (HTML) [69]
employs a multiscale strategy to synchronize language and visual features for recognizing
crucial object meanings in videos. Conversely, Temporal Collection and Distribution (Tem-
pCD) [216], presented a referent-guided dynamic temporal decoding for text-referring video
object segmentation. For this purpose, a global referent token and a sequence of object queries
are used to capture language guided video-level referent and high quality object localization,
respectively. Yet another approach, Spectrum-guided Multigranularity (SgMg) [155], pro-
posed segmenting encoded features and leveraging visual details to enhance mask optimiza-
tion. Additionally, this approach used a Spectrum-guided Cross-modal Fusion (SCF) to foster
effective multimodal representation by enabling global interactions within frames in the spec-

tral domain. This approach was extended to multi-object R-VOS, facilitating simultaneous
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segmentation of multiple referred objects in a video.

Audio-guided video object segmentation. Currently, it appears that there is only a single
effort that has considered Audio Guided VOS (AGVOS), where the audio is of a spoken de-
scription of the segmentation target. In particular, Wavelet-based cross-modal denoising net-
work (Wnet), used a cross-modal denoising approach to clean the audio signal and a wavelet-
based encoder network to learn the cross-modal representations of the target video and query
audio [171]. Overall, the model is composed of five modules: visual encoder, audio encoder,
transformer encoder, transformer decoder and segmentation module. The visual encoder is
a ConvNet (ResNet-50 [74]) that is used to extract features from the input video clip. The
audio encoder uses a pretrained acoustic feature extractor network [16], followed by convo-
lution. Following feature extraction, a wavelet-based transformer encoder is used to encode
the cross-modal features. Next, a transformer decoder is used to learn object instance queries.
Finally, the queries are used together with the cross-modal features to segment instances with

a segmentation head.

Audio visual sound source segmentation. In addition to the above audio-guided video
object segmentation based on spoken descriptions, there is another formulation of Audio Vi-
sual Segmentation (AVS) aiming to segment sound sources in video frames from audio. Sim-
ilar to the audio guided video segmentation, AVS is also critically under explored. AVS-
Bench [293] presented a baseline approach that employs a module facilitating pixel-level
audio visual interaction over time, integrating audio cues to guide the visual segmentation.
Another recent approach, Explicit Conditional Multimodal Variational Auto-Encoder (ECM-
VAE) [152], addressed AVS by explicitly modeling the contribution of each modality while

emphasizing the importance of cross-modal shared representation learning.

2.4.5 Training and testing efficiency

Currently, computational efficiency is not consistently reported for video segmentation mod-
els. Indeed, it is unusual for anything other than inference speed to be discussed and even that
is rare. Furthermore, the computational platforms on which effiiciency is reported varies; al-
though, in all cases contemporary middle to high end GPU based processors are employed. In
the following, a few examples are given to provide an indication of the current state of the art

regarding inference efficiency in video segmentation. For video object segmentation, amor-
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tized inference time per frame is 0.9s for MATNet [295], 1.3s for COSNet [145] and 1.9s
for RTNet [188]. Among VIS methods, CrossVIS [270] reported processing more than 35
Frames Per Second (FPS) in YouTube-VIS-2019 [269] while, also introducing a faster variant
of the model able to process over 48 FPS with a slightly reduced accuracy. EfficientVIS [258]
reported achieving inference efficiency of 32-36 FPS. In contrast, TeViT [271] reported an
inference efficiency of over 68 FPS on the same dataset. Among the most recent approaches
to VIS, CAROQ [43] reported an inference speed of 20 FPS for their best model using the
Swin-L [140] backbone and 40 FPS when using the ResNet-50 [74] backbone. For the VSS
task, SegFormer [260] reported over 2 FPS inference speed on the Cityscapes [102] dataset
for their highest accuracy variant, while the efficient variant can achieve over 47 FPS speed
with slightly lower accuracy. For the VPS task, VPSNet [102] has roughly 1 FPS using a
ResNet-50 [74] backbone, while Slot-VPS [297] reported an inference speed of 4.2 and 2.0
FPS when using ResNet-50 [74] and Swin-L [140] backbones, respectively. Alternatively,
SiamTrack [252] reported an inference speed of 5.1 FPS using ResNet-50 [74], but the ac-
curacy is lower than Slot-VPS [297]. Among the models for the RVOS task, YOFO [122]

reported an inference speed of 10 FPS per object.

2.5 Video transformer interpretability

In this section we present a summary of notable results on transformer interpretability. In-

cluded are both model agnostic methods and attention specific methods.

2.5.1 Internal representations in transformers

Filter visualization. Visualization of learned filter kernels has been used for analyzing deep
networks. Visualization of early filters in ConvNets as grey-scale or colour images has shown
that they largely resemble oriented bandpass filters, e.g., [283, , , 67]. Theoretical
reasons for the emergence of such filters also has been provided in terms of the correspondence
between convolution and linear shift invariant systems [67]. In contrast, visualization of the
linear embedding layer of transformers [50] suggests that while oriented structure is observed,
it has more global support compared to ConvINets, which is consistent with the relative ability

of transformers to perform data association across their entire input domain. Also, beyond
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unimodal orientation, transformers appear to implement more complicated data associations.

Attention distance. ViT used attention distance between tokens on various heads of the
multi-head attention layer as an analogue to the receptive field in ConvNets [50]. In particular,
attention weights were used to compute the average distance in image space across which in-
formation is integrated. A comparison was presented showing attention distance of ViT and a
hybrid model with ConvNet+ViT. It was evident in their findings that the attention distance is
large for both the pure transformer model and the hybrid model. This evidence shows that in
both of the cases deeper layer attention can integrate information across a long distance in im-
age space. In contrast, the early attention layers for both of the models has attention spreading
from short to long distance. Again, the early attention heads for the pure transformer model
has highest spread of attention distance, encompassing short to long. This result suggests
that some attention heads in the early layers learn localized attention similar to the smaller
receptive fields of ConvNets. The overall results motivate the use of pure transformer models,

without relying on ConvNets to provide localized support.

Optimization-based feature visualization. Similar to its use with ConvNet models, gra-
dient descent based optimization has been used to explore the inner workings of transformer
models. One particular example is an optimization-based feature visualization that analy-
ses several transformer models [61]. The approach initially generated synthetic images that
maximize the activation of a particular model component and subsequently identifies natu-
ral images that have the same behaviour. It was found that the feed forward layer features
with high-dimensionality produce more interpretable visualizations than the low-dimensional
features from self-attention. This work conducted visualizations for a variety of vision trans-
former models. The results show that early layers of vision transformer models also learn
to recognize local features, e.g., colour, edges and texture, while deeper layers learn seman-
tic abstraction similar to ConvNets. However, different from ConvNets, vision transformers
are found to use background information in addition to object features and show resilience to

dependence on texture.

Canonical correlation analysis. Canonical Correlation Analysis (CCA) is a statistical
method to analyze the relationship between two sets of variables that can enable comparison
of learned representations of deep neural networks, including model layers at different stages
of training epochs or intermediate layer features for pairs of inputs. CCA based methods

have been employed for quantitative comparisons of representations within and across three
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networks [183, , ]. The experiments reveal several key differences between the rep-
resentation learning mechanism of the two currently dominant classes of models, ConvNets
and transformers. One of the key findings is that vision transformers are able to learn global
features at early layers in contrast to ConvNets, which is to be expected based on the relative
early layer support of transformers vs. ConvNets. Another finding indicates that vision trans-
formers produce comparatively stronger intermediate features compared to ConvNets, making

the vision transformer a better backbone for dense estimation tasks.

2.5.2 Attention interpretability

Attention rollout. ViT used attention maps from the output token to the input space to
demonstrate that the model attends to image regions that are semantically relevant for clas-
sification [50]. In particular, attention rollout was used to project the attention map to the
input space [!]. The approach involves averaging attention weights across all heads and then
recursively multiplying the weight matrices of all layers for the mixing of attention across
tokens through all layers. The attention maps generated by this method are shown to largely
correspond to the semantically important input image regions for making the desired classi-
fications. However, this approach does not provide insights on the information captured in

different heads at different attention layers.

Relevance propagation. Total Relevance Propagation (TRP) is a method for computing
and propagating relevancy scores through all layers in transformer networks while maintain-
ing the total relevancy across layers [29]. This method has been demonstrated on the vision
transformer ViT [50]. The experiments include comparing classification outputs and inter-
pretability saliency using segmentation metrics. The results suggest that the network focuses
on the most salient components of the objects for classification. For instance, the model tends
to focus on the abdomen to capture the stripes for the class zebra. In comparison, in classify-
ing elephants, the focus tends to be on the head region. Evaluation with segmentation metrics
considered the input relevance visualization as soft-segmentation of the image and compared
it to the segmentation ground truth using standard evaluation metrics for segmentation. Ac-
cording to these metrics, TRP yielded saliency maps that are in better accord with the ground
truth compared to rollout [ 1], GradCAM [196], Layerwise Relevance Propagation (LRP) [13]
and partial LRP [234].
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Generic attention-model explainability. The generic transformer interpretability method
extends interpretation to attention layers beyond self-attention, encompassing bi-modal co-
attention and cross-attention in encoder-decoder architectures, enabling explanation of predic-
tions across various transformer-based models [28]. The approach was demonstrated on trans-
former models containing various categories of attention, e.g., self-attention, multimodal co-
attention and cross-attention decoder. In particular, the self-attention vision-language model
VisualBERT [126] and vision model ViT [50] were used to demonstrate the relevance score
for self-attention. For VisualBERT, perturbing the tokens with high relevance shows dra-
matic drop in model accuracy indicating the practical significance of the generated relevance.
The presented results using ViT showed superior performance in producing class-specific
visualizations. In an experiment with multimodal attention, positive and negative pertur-
bation tests were performed on each modality separately using the multimodal transformer
LXMERT [214] for visual question answering [3]. Again, perturbing the tokens with high
relevance shows a dramatic drop in model accuracy, indicating the practical significance of
the generated relevance. This interpretability approach was demonstrated for encoder-decoder
transformer models using an object detection model, DETR [24], trained on the MS COCO
dataset [135]. In particular, Otsu’s threthreshold method [ 169] was used to produce segmenta-
tion masks from the saliency; subsequently, standard segmentation evaluation protocols were
followed. The segmentation masks produced from input relevancy shows that the generated

masks are consistent with the bounding boxes.

2.5.3 Understanding temporal modeling in video transformers

Several methodologies have been developed specifically for probing the ability of deep net-
works to encode the temporal dimension. Three of these are relevant here. The static vs.
dynamic bias metric was proposed to measure how much static information (available in a
single frame, e.g., colour, texture, etc.) vs. dynamic information (requiring temporal order-
ing of multiple frames, e.g., motion) is capitalized on by a model [112]. The method was
demonstrated with experiments on several video models, revealing that state-of-the-art video
models are mostly static-biased [54, 12]. Another approach presented the Appearance Free
Dataset (AFD) to analyse how state-of-the-art video models perform when given a perturbed
dataset containing no static information, which forces them to work solely with dynamics [85].

Their experiments reveal the limitation of many video action recognition models in capturing
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temporal dynamics in the absence of appearance, including the transformer MViT [54]. Yet
another recent approach, ATemporal Probe (ATP), introduced a frame selection method to
enable comparison between the performance of video models on video input with the per-
formance of image models on the selected frame as an image input [19]. The experiments
show that many top video-language benchmarks are heavily biased towards static features,
lacking temporal correspondence, resulting in image models using single-frame information

performing similarly to video models.

2.5.4 Inherently interpretable vision transformers

The ongoing debate between post-hoc explainability vs. inherently interpretable models has
resulted in recent proposals of inherently interpretable transformers. A notable work, Con-
ceptTransformer (CT) presented a transformer-based module designed to be used as a classi-
fier head in deep learning models [191]. The module generates classification outputs using
cross-attention between input features and a set of embeddings representing high level inter-
pretable concepts. This CT classifier is capable of enhancing the model with domain knowl-
edge in the form of plausible cross-attention weights. The CT classifier module only adds
an overhead of a modification to the loss function in the host model to enforce plausibility
of the explanation during the training phase. Another work, introduced B-cos transformers
as a holistically explainable model capable of inherently providing explanations for its de-
cisions [14]. This formulation allows for summarizing the entire model with a single linear
transformation. The generated summaries from the transformer model with dynamic linear
layers are highly interpretable as the parameters are implicitly optimised to align with rele-
vant input patterns. Experimental result of applying this approach to the ViT model shows
that Bcos-ViTs can perform competitively to the baseline with the additional advantage of
inherent explainability. The inherent linear summaries also are found to outperform state-of-
the-art post-hoc explanation methods. However, this direction still requires further research

efforts as there is no known inherently interpretable video model to date.
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2.5.5 Interpretability for efficient transformer design

IA-RED? is an interpretability-aware redundancy reduction method for vision transformers
to improve computational efficiency [170]. The paper argues that some input patches are re-
dundant and such redundancy is input-dependant. On that basis, an interpretable module is
introduced to dynamically drop several input patches with minimal correlation to reduce the
redundant computation. A policy network is adopted by leveraging the idea of dynamic infer-
ence to identify and discard uninformative patches. This way of dynamically dropping some
less informative patches in the original input reduces the length of the input sequence to yield
computational efficiency without suffering accuracy. Further, by using the policy network
to discriminate regional importance, this approach is inherently interpretable. Empirically,
on both images and videos a notable speed up on state-of-the-art models was achieved with
minimal drop in accuracy. In addition, qualitative examples were provided to verify the abil-
ity of the multi-head interpreter compared to raw-attention. Also, quantitative results were
presented using weakly-supervised image segmentation on ImageNet [64] to quantify the su-
periority of the multi-head interpreter in identifying semantically important image regions.
Although this method was not applied to video segmentation, it paves the way for similar

work to follow in the video domain.

2.6 Summary

This chapter has provided an extensive survey of work related to the MED-VT architecture.
This survey has included a taxonomy of video segmentation tasks, a presentation of the basic
video transformer model, as well as a review of transformers for video segmentation and

relevant interpretability methodologies.

Key aspects of the current state of the art in multiscale processing for video transformers
that motivate our research are summarized in Table 2.2. In recent years, video understand-
ing methods, from classification to segmentation, have widely adopted transformer-based
encoder-decoder architectures, which have excelled in establishing data relationships across
space and time. For instance, the VisTR [251] model for video instance segmentation exem-
plifies this success. Architectures like MViT [54] for action classification leverage multiscale

transformers at the encoding stage to mine global or long-range contexts, while models such

52



as Mask2Former [35] employ multiscale decoding for powerful semantic disentangling. Typ-
ically, these methods use a shallow CNN model as a task head for per-pixel classification,
lacking provisions for temporal consistency in video understanding. However, we observed a
gap in recent literature regarding the full integration of multiscale architectures from encoding
to decoding, despite the promise shown by individual multiscale approaches. Furthermore,
temporal consistency and robustness in video understanding remain underexplored, and mul-
timodal audio-video understanding has focused on specialized rather than generalized archi-
tectures [293]. Additionally, interpretability, crucial for model diagnostics and explainability,
is underdeveloped in video segmentation tasks. We emphasize the need for integrated mul-
tiscale architectures, as multiscale representation enhances model learning and yields robust
latent representations by taking advantage of both rich semantics in coarse scale and precise

localization in fine scale, thereby improving the effectiveness of video understanding models.

| Model | Publication | Tasks | Core architecture |

DETR [24] ECCV’2020 Detection and segmentation A transformer-based end-to-end encoder-decoder architecture for ob-
ject detection and panoptic segmentation.

VisTR [251] CVPR’2021 Segmentation A transformer-based encoder-decoder for video instance segmentation
with potential extension to other video understanding tasks.

MVIT [54] ICCV’2021 Classification A multiscale vision transformers using the fundamental concept of
multiscale feature hierarchies with the transformer model during fea-
ture encoding.

CrossViT [31] ICCV’2021 Classification Application of cross-scale attention between two stream of different
scale of input.

Mask2Former [35] | CVPR’2022 Segmentation Multiscale decoding approach using masked attention for universal im-
age segmentation with extension to video segmentation.

CrossFormer [247] | ICLR’2022 | Classification, detection, segmentation | Application of cross-scale attention in feature encoding to blend multi-
scale features and to split self-attention to reduce computation.

ABSBench [293] ECCV 2022 Audio-visual segmentation A specialized architecture providing a strong baseline for multimodal
audio visual segmentation task using a module for encoding pixel-wise
audiovisual interactions within temporal video sequences.

Table 2.2: Related approaches motivating MED-VT design choices.
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Chapter 3

MED-VT Architecture

In this chapter we detail our Multiscale Encoder-Decoder Video Transformer (MED-VT). We
begin with preliminaries that serve to formalize the transformer model that was introduced
in Section 2.3.1. Next, we define the core MED-VT model, followed by its extension to the

multimodal case. Finally, we provide implementation details.

3.1 Preliminaries

3.1.1 Overview

Transformer models are constructed on self-attention and cross-attention mechanisms. Intu-
itively, self-attention is designed to capture the relationship among the different elements of
the same token set, while cross-attention is designed to capture the relationship among the
elements of two different sets of tokens. The transformer model follows a general encoder-
decoder architecture. A transformer encoder uses self-attention and linear layers as building
blocks. While, transformer decoder building blocks consist of self-attention, cross-attention
and linear layers. Both the self-attention and cross-attention mechanisms use a multi-head at-
tention mechanism. In the following, we provide a brief preliminary discussion on multi-head

attention, self-attention and cross-attention.
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Figure 3.1: Single Attention Head Mechanism. Depicted is single attention head with query,
Q, key, K, and value, V. The Q and K (with their associated weights, W7, W’,j) are first
used to produce attention affinity matrix, A, and then the output, O, is computed from the
attention affinity matrix and value set. The colours in the set distinguish different tokens and
the colours in the attention affinity matrix distinguish the different attention affinity scores

between different pairs of tokens and do not correspond to any particular numerical values.

3.1.2 Input format

Inputs to the attention function are represented as sets of tokens, also referred as vectors or
sequences in some literature, especially in regards to natural language processing. A token is
defined as a discrete unit of input with a numerical representation treated as a whole during
processing. For example, a token can be a word, a sub-word or a character in language models
and it can be a small spatial region or spatiotemporal volume in a vision transformer. As
explained in Section 2.3.2.1, image patch tokens are embedded via linear layers to produce
features for transformer input. For a single input, X, the set of N tokens with C' features has

the form XV*¢. For batched data with B elements in the batch, the token set has the form

XB><N><C

3.1.3 Single-head attention

An attention function takes three sets of tokens as input and produces a set of tokens as its
output, O. The three inputs are called query, key and value. The terms query, key and value are
used in analogy to their use in an information retrieval system, where data is retrieved based
on an input “query”, e.g., a text description, which is compared to a set of “keys”, e.g., a set of
video titles to produce “values”, e.g., similarity scores, which are used to rank the videos with

respect to the text. For transformers, the query, Q, key, K, and value, V, are matrices whose
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Figure 3.2: Multi-head Attention Mechanism. Multi-head attention using /1 attention heads
is shown. The query, key and value are projected to each head, A;, ..., Ay, and then outputs,
04, ..., Oy, from these heads are concatenated and projected using output weights, W®, to pro-
duce final output, O. The colours in the sets distinguish different tokens and do not correspond

to any particular numerical values.

rows are tokens. A single attention head, A;, is defined in terms of query, key and value as

1

A (Q, K, V) = Softmax <\/E

ng(Kwﬁ)T> VW, (3.1)
where d is the feature dimension of Q and K, while W}, W} and WY are the corresponding
learned weight matrices for head h. Thus, QW (KW¥)T forms a matrix whose i element re-
sults from the inner product of row 7 of the (weighted) queries, Q, and row j of the (weighted)
keys, K. Since by construction the rows of Q and K each correspond to a token, these op-
erations systematically capture the relationships between the tokens, which subsequently are
scaled and normalized by the token dimension, d, and the Softmax to provide what is termed
attention affinity. In turn, the attention affinity is applied to the (weighted) values, V, to cap-
ture its relationship and yield the final score. In short, an attention function first computes
a global relationship score among all pairs of tokens in the input query and key sets in the
form of attention affinity and then incorporates the tokens from the value set to emphasize
this global relationship. These operations result in a representation that captures relevance or

relationship among the tokens in the input sets. A visual depiction is shown in Figure 3.1.
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Figure 3.3: Self-attention Mechanism. Self-attention mechanism explained in terms of multi-
head attention, M. The single input X is projected to produce query, Q, key, K, and value,
V, sets for the multi-head attention to produce final output, O. Position embeddings are not
shown in favor of simplicity of visualization. The colours in the sets distinguish different

tokens and do not correspond to any numerical values.

3.1.4 Multi-head attention

Multi-head attention uses multiple single-head attention mechanisms working in parallel and
concatenates the outputs of all the heads. Thus, multi-head attention, M, is defined from

equation 3.1 as

M(Q,K,V) = Concat’L_, (Ah(Q, K, V))WO, (3.2)

where H is the number of attention heads in the multi-head attention and W° is the weight
matrix for the final multi-head output. By aggregating outputs from multiple attention heads
that operate on different projections of the inputs, the transformer model achieves increased
representational capacity and enhanced generalization ability. As a result, the models can
provide robust feature generation by capturing the diverse relationships among the tokens of

input sets. A pictorial depiction of the operations involved is shown in Figure 3.2.

3.1.5 Self-attention

Self-attention, S, is defined as an instance of attention with a single input, X, and an optional
positional embedding, p. Commonly, it is instantiated in terms of multi-head attention, equa-
tion 3.2, as

SX,p) = M(X+p, X+ p,X). (3.3)
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Figure 3.4: Cross-attention Mechanism. Cross-attention mechanism explained in terms of
multi-head attention, M. One input, X, is projected to produce query, Q, while the other input,
Y, is projected to produce key, K, and value, V, sets for the multi-head attention to produce
final output, O. Position embeddings are not shown in favor of simplicity of visualization.
The colours in the sets distinguish different tokens and do not correspond to any particular

numerical values.

The positional embedding captures the position of tokens within a set to emulate that property
of a sequence [50]. It is used as an additional input to the attention mechanism to introduce
locality, since attention itself is a permutation invariant operation. Self-attention relates differ-
ent positions of a single set of tokens to compute a representation that captures global or long

range context within the tokens of the input set. A visual depiction is shown in Figure 3.3.

3.1.6 Cross-attention

Cross-attention, C, is defined as an instance of attention with two inputs, X, Y, and their corre-
sponding positional embeddings, p*, p¥. Commonly, it is instantiated in terms of multi-head

attention, equation 3.2, as
CX,Y,p%,pY) = M(X+p%Y +p",Y). (3.4)

Hence, cross-attention is a four input operation used to mix or combine two different input
sets and their positional embeddings into a single output. Here, one input serves as query and
another input is used as both key and value. In this way, cross-attention allows a combination

of information from two different modalities. A visual depiction is shown in Figure 3.4.
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3.2 MED-VT architecture components
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Figure 3.5: Detailed (MED-VT) Architecture with Unified Multiscale Encoder-Decoder
Transformer, Illustrated with Application to Automatic Video Object Segmentation (AVOS).
The model has five functionally distinct components. (i) Backbone feature extractor to extract
per frame features, f,, at multiple scales, s. (ii) Multiscale transformer encoder consisting of
spatiotemporal within and between scale attention with resulting features, f;/" and ff , resp;
the multi-head attention transformation, equation 3.2, is used for both. (iii) Multiscale trans-
former decoder consisting of pixel decoding, which produces decoded features, f”, and a

series of mulitscale query learning decoder blocks, D:, that iterate 7 times across s scales,
each of which entail self and cross attention, again using the multi-head attention transforma-
tion, equation 3.2. The input to the blocks are the decoded features f” and the query resulting
from the previous block, with a randomized query, Q", initialization; the output is a final
object query, Q°. The decoder applies an affinity, equation 3.9, between Q° and the finest
scale decoded features, ff , to yield an object attention map, which is concatenated with the
finest scale decoded features for final decoder output, F”. (iv) A task specific head (a shallow
3D ConvNet) produces initial predictions from F”. (v) A many-to-many label propagator,
equation 3.12, that inputs intial predictions and F” to produce final temporally consistent seg-

~

mentation masks, Y.
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3.2.1 Overview

MED-VT is an end-to-end video transformer that inputs a clip and provides dense segmen-
tation predictions without the need of explicit optical flow. Processing unfolds in five main
stages; see Figure 3.5. (i) A feature pyramid is extracted using a backbone network. (ii) The
extracted stacks of feature pyramids are processed by a transformer encoder and (iii) decoder.
(iv) A task specific head produces initial predictions. (v) A many-to-many temporal label
propagator refines the initial predictions by enforcing temporal consistency. Our architecture
is unique in its unified approach to encoding and decoding at multiple scales, as well as its

use of many-to-many label propagation.

Feature extraction is standard. Given a video clip, we first extract a set of multiscale fea-
tures, ' = {f, : s € S}, where f, € RT*H:xW:xCs represent features extracted at scale
s, S = {1, ..., Smaz } indexes the scales from coarse to fine and {7, H,, W, C} are the clip
length, height, width and channel dimension at scale s, resp. Prior to subsequent processing,
backbone features are down projected to d dimensions, f, = ¢(f,) € RTH:Wsxd where ¢
is a simple 1 x 1 convolutional layer, followed by flattening. Our model is not specific to a
particular backbone feature extractor; indeed, we illustrate with multiple in Section 3.5. More-
over, our model is not specific to a particular task head and we also illustrate with multiple in

Chapter 4. The rest of this section, details our novel encoder-decoder and label propagator.

3.2.2 Multiscale transformer encoder

Transformer encoders built on spatiotemporal self-attention mechanisms can capture long
range object representation relationships across both space and time for video recognition
tasks [12, 20, 54]. They thereby naturally support learning of both spatial and temporal fea-
tures as well as integrated spatiotemporal features. Notably, however, standard encoders that
operate over only coarse scale feature maps limit the ability to capture fine grained pattern
structure as well as fail to support precise localization [251]. To overcome these limitations,
our encoder encompasses two main operations of within and between-scale spatiotemporal at-
tention on multiple feature abstraction levels with different resolutions that are extracted from

a backbone convolutional network, as discussed in Section 3.2.1.
We formulate the operations of within and between scale attention via standard multi-head
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self- and cross-attention mechanisms, following equation equation 3.3 and equation equa-

tion 3.4, respectively.

Within scale attention. We formulate multi-head within scale attention, V, by instanti-

ating multi-head self-attention, equation 3.3, as

W(ﬁ, ps) - S(ﬁ, ps) - M(fs + p57fs + p37fs)7 (35)

with p, € RTHsWsxd per scale learned positional encodings to preserve location information,
cf. [251]. W is applied successively across multiple encoder layers. We compute the final
encoded feature maps, F"Y = {f!V : s € S}, for each corresponding scale, to capture glob-
ally consistent representation of objects of interest. Successive application of spatiotemporal

within scale attention yields globally coherent representation.

Between scale attention. For between-scale attention, 3, we apply attention on the en-
coded features, F"Y. Coarse scale feature maps capture rich semantics by virtue of having gone
through multiple abstraction layers. Correspondingly, the feature map from a coarser scale, s,
ie., F;/V, is used to affect the immediately finer scale feature map, ?Svfl, based on between-scale

attention affinity. To achieve this goal, we use multi-head cross-attention, equation 3.4, now

as
B, ps1, £, ps) = COEY 1 8V pa1,ps) = M(EY, +pst, £ + 0, Y1), (3.6)

where p,; and ps_; are learned positional embeddings. This operation enhances between-
scale communication to promote globally consistent, semantically rich feature maps and is
conducted between each pair of adjacent scales. We denote the output features from between-

scale attention, B, as F8 = {f3: s € S}.

3.2.3 Multiscale transformer decoder

Our multiscale encoder’s between-scale attention promotes spatiotemporal consistency across
scales, while the decoder promotes multiscale query learning to localize object-level prop-
erties. Our decoder works in two steps: (i) pixel decoding, which propagates coarse scale

semantics to fine scale localization and (ii) transformer decoding, which generates adaptive
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Figure 3.6: Decoder Stacked Coarse-to-fine Processing. Our multiscale decoder inputs a
multiscale feature pyramid, F”, and randomly initialized queries, Q", and outputs final
object queries, Q°. The input is processed coarse-to-fine and iteratively through multiple
decoder blocks, D°, with s indicating input feature scale and 7 indicating iteration. For
simplicity, we show s = 3 scales and ¢ = 3 iterations, with f- denoting features from
each level of the pyramid, F'¥, where corresponding dimensions of the three levels are,
TH3;W;3 x d, THWy x d, TH{W; X d, resp.

queries.

Pixel decoding. In pixel decoding we seek to propagate semantics of coarse scale features
to finer scales. For this purpose, we use a Feature Pyramid Network (FPN) [133]. The FPN
works top down from coarse features with highest abstraction to fine features by injecting
coarser scale information into each finer scale. It thereby allows for better communication
from high level to low level semantics with finer details preserved before queries are generated
in the actual transformer decoder. The FPN inputs the between-scale attention features, F’ B

and outputs a feature pyramid F” = {f¥ : s € S}.

In the FPN we combine feature outputs from our multiscale encoder along with the two
finest resolution outputs directly from the backbone. The FPN operates on these coarse-to-fine
scheme by (i) performing a 1 x 1 convolutional operation that maps the features to channel

dimension 384, (ii) performing ReLLU and bilinear upsampling to match the next scale and
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(iii) pointwise adding the upsampled feature map to the next scale. The levels from the feature
pyramid network output are used as input to our multiscale query learning mechanism. Further

details on how FPNs operate are available in the original paper [133].

Decoding and adaptive queries. Improved object queries, Q°, are learned via multiscale
coarse-to-fine processing, where the queries adapt to the input features for object localization.
This multiscale processing enriches the learnable queries so they work better on the finest
resolution. These adaptive queries, Q° € RNexd with N, the number of queries, are learned
jointly from the multiscale feature maps, ', using a series of transformer decoder blocks,
D! operating coarse-to-fine across scales, s, and with multiple iterations, i; see Figure 3.6.

fP

s g o

Each transformer decoder block, D!, inputs pixel decoded features at a particular scale,
s. At each iteration, 7, the blocks operate, coarse-to-fine, with queries output from the previ-
ous serving as input (along with decoded features from F'*) to the next. The process iterates
N, times, as notated by superscripts 4 on the blocks, D, i.e., i € {1...N;}. The entire pro-
cess starts with a randomly initialized query, Q", and culminates in the final adaptive object
queries, Q°. The adaptive queries compactly represent the foreground object with its different

appearance changes and deformation within the input clip.

In each decoder block both self- and cross-attention operates, as in encoding, Section 3.2.2.

To define self attention, S, we instantiate multi-head self-attention, equation 3.3, as
S(Q,pd) = M(Q, +pf,Q; + p, QY), (3.7)

with Q! the input query to block D¢ and p® € R¥a*? learnable query positional embeddings.

To define Cross attention, we instead instantiate equation 3.4 as
C(QLpe, T, ps, pY) = M(QL + pQ, 7 + ps + 52, 7). (3.8)

with p, € RTH:Wsxd fixed sinusoidal feature positional embeddings and p? € RTH:sWsxd
derived from learnable scale embeddings, p? € R'*%, after being repeated across T', H, W;

this operation allows cross attention to be scale sensitive, cf. [37].

After all decoder blocks have produced the query, Q°, a final cross attention block is used
to establish affinity between the query and finest scale features, f/, and thereby generate an

object attention map, F. Since only the query and features are considered, a two argument
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affinity is used,

1

FA = AP(Q,K) = Concat, ", {Softmax (\/c_l

QWZ(KW,’;’)T)] (3.9)
with Q = Q%,K = Ff , N, the number of heads and WY, W,"; being learnable parameters for
head h. The final decoder output, FP, is formed as the concatenation of the finest scale fea-
tures, f7, with the attention maps, F4, i.e., F® = FAS{?, with © channel-wise concatenation.

This augmentation further enhances localization precision.

3.2.4 Many-to-many temporal label propagation

Label propagation is a standard technique that can be used in transductive reasoning [292].
In semi-supervised VOS, it was proposed to train an end-to-end model to propagate the labels
from many/all previous frames, {- - - , ¢ — 1}, to a single current frame, ¢, hence causal many-
to-one propagation within a transductive setting [150]. This operation provides structured
prediction across frames instead of independent predictions per frame. We extend this idea
by allowing label propagation from all other frames, {--- ,¢ —1,¢+1,--- }, in aclip to each
frame, ¢, hence many-to-many label propagation. This extended operation enforces structured

prediction across all frames in a clip.

In our many-to-many label propagator, three operators are applied sequentially: (i) a label
encoder, &7, (ii) a spatiotemporal affinity based label propagator using masked attention, M™,
and (iii) a label decoder, D;. The input to the encoder is an initial prediction, Y’ = H(FD ),
generated by a task head, , from the output of the previous decoding, F”. The label encoder
then generates an encoding of dimension D from the initial predictions, Y’, and flattens it, Y =
EL(Y') € RTHWixD " of [150]. The label propagator extends the encoded labels temporally
in a many-to-many fashion. The label decoder, D;, takes these propagated encoded labels
and generates the final class-wise predictions. The label encoder, £, is a similar ConvNet to
that used elsewhere [150]. In particular, it generates richer target information from the single-
channel segmentation mask by using successive convolution layers to increase the feature
dimension and pooling operations to reduce the spatial dimension. The label decoder, Dy, is

a three-layer ConvNet.

We devise the label propagator as a masked attention module [231, ] to capture the
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long-distance dependencies between labels while preserving efficiency. The mask, M €
RTHWiXTHIWL - regtricts attention to regions centered around the predicted data point, akin
to the notion of cligue in conditional random fields [! 13] or, more generally, graph theory.
The mask can be defined to promote communication between data points in a wide variety of
fashions (e.g., within frame, between frames, many-to-one, many-to-many) [| 1 3]. We use this
mechanism for temporal many-to-many propagation to encourage information sharing among
different frames. The mask of two arbitrary positions is set to, M;; = —oo, if they are in the

same frame, otherwise as zero. Formally, the mask is defined as

—oo, if7(2) =7
M;; = (@) U) (3.10)
0, otherwise.

where 7(-) returns the frame index of given data points. Masked attention is then defined by
augmenting the standard single, equation 3.1, and multi-head, equation 3.2, attention opera-

tions, to become

1
AM(Q, K, V, M) = SOftmax(ﬁng(Kw’,j)T n M>vwz, (3.11a)

and
M™(Q,K,V, M) = Concat)" (AT(Q, K, V, M))W°, (3.11b)

where Q, K, V, M are the queries, keys, values and mask resp., while W7, WfL, W} are learn-
able parameters for head 5, and W ° is the final weighting for combining heads. Our label

propagator instantiates masked attention, equation 3.11b, as

Y = M™(FP FP Y, M), (3.12)

where FP € RTHIWix(d+Na) i the flattened decoded features. As defined, this operation
propagates labels across all data points in the entire clip, both spatial position and frames,

unlike previous efforts that were limited to propagating to the current frame only [150].

Finally, the overall class-wise predictions, Y, are produced by combining the propagated
label decodings, D, (\?), and the initial predictions from the segmentation head, Y’ according
to

Y = % (DL(\?) + Y’) . (3.13)
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We combine the initial predictions per frame and the propagated predictions from all other
frames because while label propagation enforces temporal consistency, it also can sacrifice
boundary precision due to the smoothing it incurs. The final combination, equation 3.13,

provides both temporal consistency and precise boundaries.

Label propagation and spectral clustering. There is a theoretical connection between
spectral clustering and our label propagator, which we include to offer insights on the latter
operation. We begin with formal definitions of spectral clustering [235]. A similarity graph
is defined in terms of a set of vertices, v;, and edges with weights, w;;, on edges connecting
vertices, v;, and, v;. The weight, w;;, denotes the similarity between the two vertices; the
similarity matrix, W, is comprised of the w;;. For a vertex, v;, we define the degree, 0, =

n

> w;j. The degree matrix, D, is defined as a diagonal matrix with degree 91, ..., §,,, where

J
each 9; sums the degree of connectivity for each vertex and its neighbours.

The normalized graph Laplacian matrix, which is a corner stone of the label propagation
[297], represents the smoothness of the graph function. It has two main forms, the symmetric
and random walk, where the former was used in label propagation prior to deep learning [292].
Here, we work with the random walk graph Laplacian, as it aligns with transformer operations;
itis defined as L,,, = |—D~'W, with | the identity matrix. Since the identity matrix is constant,
we can see the main component of the normalized graph Laplacian, D~'W, corresponds to
the calculated per head, h, attention map in our label propagation scheme, equation 3.11a,
Softmax (\/iEQW,ql(KW,’j)T + M).

The part of the attention operation that computes the relevance between the query and key
tokens with masking that controls predefined neighbourhood, X/LQQWZ(KWZ)T, corresponds
to building the similarity matrix, W. We compute the similarity between two nodes in the
similarity matrix, W, in terms of a scaled inner product, as standard in multi-head attention.
The masking operation, M, serves to further enforce cliques within the similarity graph based
on the structure of the data (e.g., the temporal structure). On the other hand, the normalization
of the graph Laplacian using the degree matrix, D~', corresponds to the Softmax normaliza-
tion in the attention operation. Overall, given that the attention map in equation 3.11a when
applied to our values, V, controls the label propagation, we see that it acts analogously to the

way the graph Laplacian enforces smoothness.
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(backbone, encoder, decoder, task head and label propagator, cf. Figure 3.5) and adds three
additional modules: (i) Audio backbone to extract audio features, (ii) Multimodal feature in-
teraction that uses bidirectional cross-attention, equation 3.16b, and (iii) Multimodal query
generator that initializes the query, Q", from additional modality feature output from the fea-
ture fusion module (e.g., audio feature, f*) instead of random initialization used for AVOS.

Our key innovations lie in the multimodal feature interaction and query generator.

3.3 Multimodal extension (MED-VT++)

We have extended MED-VT to multimodal video segmentation tasks, i.e., to encompass an ad-
ditional input signal beyond video, as illustrated in Figure 3.7. The specific additional modal-
ity that we have considered is audio; although, our approach to incorporating that signal is not
specific to that particular modality. To extend MED-VT for this setting, we added three ad-
ditional components: (i) a new modality feature extractor, (ii) an attention based multimodal
fusion mechanism and (iii) a context-based query generator. For the sake of generality, we
make no assumptions about the nature of the auxiliary modality, except that it can be repre-

sented as backbone features, f*.

We developed an attention based context module immediately after the feature extrac-

tors for information exchange between the features of two modalities. In particular, we use
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a bidirectional cross-attention mechanism [239] for information exchange between the audio
features and each of the four stages of the visual features. The bidirectional cross attention
mechanism is a simplification of cross-attention from one modality, X, to the other modal-
ity, Y, and vice versa, yet performed in one shared attention matrix to reduce the compute
and memory footprints. To provide a concrete explanation of this bidirectional multi-headed
cross-attention mechanism, we show the computation for a single attention head since the
multi-head mechanism remains the same. In conventional cross attention, there are two inputs,
say X and Y, one of which is used as query, Q, and the other as key and value, K, V. Rewrit-
ing equation 3.1 using two inputs for cross-attention with Q = X, K =Y,V =Y and renaming

Wi W4 as W, WY, we can formulate computation of a single head for cross-attention as

X' = An(X,Y,Y) = Softmax (\iﬂxwg(vwgf) YW?. (3.14)

Similarly, computation of a single head of another cross-attention withQ =Y, K = X,V = X

can be expressed as

1

Y' = A, (Y, X, X) = Softmax (
h( ) \/C_l

YW%(XWﬁ)T) XW?. (3.15)

Inspection of equation 3.14 and equation 3.15 shows that in realizing the two cross-attention
operations, we can compute the attention matrix for one and reuse it for the other by taking

the transpose. So, we can formulate a single head of the bidirectional cross-attention as

1
A= ﬁxwg(vwg)ﬂ (3.16a)

and
(XY') = <Softmax (A) YW?, Softmax (AT) xw;;) . (3.16b)

Finally, we include a residual connection from the same modality feature to compute, X" =
X' +X,and Y’ = Y'4Y. As standard [ 74], the residual connection is used to avoid diminished

gradients.

MED-VT++ uses a bidirectional encoder for each scale, s, of the visual features. The same
auxiliary features, f* € RT*¢, are paired with all the scales of the visual features, where T’

is the number of frames and c is the dimension. As a preliminary, the backbone visual, f,
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and auxiliary features, f%, are projected to a common dimensionality, d, via separate linear
layers and flattening to yield f, and f, resp. Then, as one input to the bidirectional encoder
we use the projected visual features from each scale, i.e., Xs = f, for the s'" scale. For the
other input, we always use the same projected auxiliary features, %, i.e., Y, = f for the s
scale. Using these definitions of X, and Y in equation 3.16a and equation 3.16b followed by
residual connections yields a pair of visual, F;’ , and auxiliary, Fg" , features for each scale, s.

The visual features, f”, are used as input to next stage of the transformer encoder, exactly as in

s g

the original MED-VT. The auxiliary features, ¢, are used to provide context to the MED-VT

s lg o

decoder, as described in the remainder of this section.

In MED-VT, for unimodal video segmentation, the initial queries of the transformer de-
coder, Q", are randomly initialized and subsequently updated through self- and cross-attention
mechanisms to get object queries, Q°. When an additional modality is available, e.g., audio,
it can be used for context-based initialization. In particular, we input randomly initialized

queries, Q", and averaged bidirectionally encoded audio features,

_ 1 Sma;c_
f* = o 3.17
— ; o (3.17)

to an additional transformer decoder, which operates prior to MED-VT’s original decoder,
to yield context-based queries, Q®. Here, the feature averaging is motivated by the fact that
the additional decoder only inputs a single feature, not a set of (multiscale) features. The
queries from this additional transformer decoder are used as input to the multiscale transformer

decoder instead of Q" (Section 3.2.3). Next, we detail how to obtain, Q®.

Self-attention in the query generator is formulated analogously to equation 3.7 in the

MED-VT decoder. Omitting the iterations, ¢, for simplicity, we have
SQ",p") = M(Q"+p% Q" +p,Q"), (3.18)

with Q" the input to the query generator, p® € R"«*? learnable query positional embeddings
and the output taken as Q” = S(Q", p*). Analogously, cross-attention for the query generator

is similar to equation 3.8 and yields

C(Q*,p, %, p") = M(Q" + p, F* + p*, ), (3.19)
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with p* € R7*? learnable audio feature positional embeddings and Q* = C(Q%, p®, f*, p*)
taken as the final output queries. The self- and cross-attention operations, equation 3.18 and
equation 3.19, are applied consecutively for m decoding layers to yield the final query, Q“.
These output queries serve as input to the MED-VT transformer decoder, i.e., Q° in equa-

tion 3.7 and equation 3.8.

The rest of the MED-VT architecture remains the same, except that we do not employ label
propagation. Label propagation is not used because of the task nature: The visual segmenta-
tion targets can change abruptly depending on the audio signal (e.g., a person is segmented

only in frames where they are talking, but not in other frames).

Notably, MED-VT++ does not entail any modality specific changes to MED-VT. Features
from a source other than audio could serve as complements to visual features in the bidrec-

tional encoder.

3.4 Training and inference

MED-VT/MED-VT++ employs an end-to-end training mechanism. Task specific losses are
employed comprised of main and auxilary components. The main loss, £,,, is with respect
to the final model prediction. The auxiliary loss, £,, is with respect to the initial prediction
directly following the task head, i.e., before label propagation. The same task specific losses
are used for both. The final loss computation is a weighted sum of the main and auxiliary
losses, i.e.,

L =wnL,, +w,L,, (3.20)

with w,, and w, weights. This auxiliary loss allows us to train the model end-to-end in a

simpler and faster way compared to relying solely on the main loss.

For inference, the same clip length is used as in training for each segmentation task. Output

masks are upsampled to match input size.
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3.5 Implementation details

For unimodal segmentation, we have implemented MED-VT with respect to two backbones
that are used commonly on the considered tasks, ResNet-101 [74] and Video-Swin [141],
to extract multiscale feature pyramid, F', from a clip of 7' = 6 frames by taking features,
fs, as activations at the last block of successive stages. For the multimodal segmentation
task, we instead use pretrained PVTv2 [246] and VGGish [78] as visual and audio backbone,
respectively, because those are used by our comparison approaches; see Section 4.4. For this
task, we use T' = 5 as clip size because the employed dataset only provides five annotated

frames per video.

For the multiscale transformer encoder, we use only the two coarsest scale features for
memory efficiency reasons; we use six and one encoder blocks for the two smallest scale
features. In the FPN we combine the two coarsest resolution feature outputs from the encoder
with the two finest resolution outputs directly from the backbone. Again, we only use the two
coarsest resolutions for memory efficiency. The last three (coarsest) levels from the FPN are
input to our multiscale query learning mechanism. For query learning, we use three feature
scales and three iterations, N; = 3, resulting in nine decoding layers. All multi-head attention
operations and the attention block, A", have, N}, = 8, attention heads and use a channel of
dimension d = 384. All input backbone features, i.e., visual features for all cases and audio
features for the multimodal case are projected to dimension d = 384 using a linear projection
layer before subsequent processing. The weights for the loss function, £, are w,, = 1.0 and

w, = 0.5.

The segmentation head, H, is a three-layer convolutional module. The final decoding layer
of H is defined according to the segmentation task to match the number of categories. Addi-
tional information on task specific implementation, training and inference details is provided

in the corresponding evaluation sections of Chapter 4.

3.6 Summary

This chapter has provided detailed technical specification of the core MED-VT architecture,

as well as its MED-VT++ extension. The basic mechanisms of attention were reviewed and
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served as fundamental building blocks for all MED-VT components. MED-VT was seen to
provide an end-to-end integrated multiscale approach to transformer encoding and decoding
for rich feature extraction. Addition of an attention-based label propagator serves to enhance
temporal coherence in estimation. MED-VT++ augments the core model by allowing for

fusion of an auxiliary input information source, e.g., audio.
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Chapter 4

Empirical evaluation

This chapter documents the performance of MED-VT and MED-VT++ on a diverse subset
of the video segmentation tasks that were introduced in Chapter 2. In particular, MED-VT is
evaluated on Automatic Video Object Segmentation (AVOS), actor-action segmentation and
Video Semantic Segmentation (VSS), while MED-VT++ is evaluated on Audio Visual Seg-
mentation (AVS). For each task, we present the considered benchmark datasets, task specific

implementation details and provide quantitative as well as qualitative results.

In addition to comparing our results to extant state-of-the-art approaches, to highlight
the particular benefits of multiscale processing, we also present qualitative and ablation re-
sults with a single scale baseline architecture. This baseline operates with only single scale
transformer encoder and decoder using just the top layer feature map of the backbone feature

extractor, i.e., the coarsest scale.

Following these performance comparisons, we provide a detailed ablation study and also

report runtimes.
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4.1 Automatic video object segmentation

4.1.1 Datasets and protocols

For evaluation on the AVOS task, we consider three datasets containing natural images that
present diverse challenges. For instance, we include Moving Camouflaged Animals (MoCA),
a natural camouflage video dataset; DAVIS 2016, widely used as a benchmark for video seg-
mentation in recent works; and YouTube Objects, which includes additional challenges such

as multi-object scenarios and diverse motion characteristics.

MoCA. Moving Camouflaged Animals (MoCA) is an especially challenging video object
segmentation dataset containing camouflaged animals [116]. This is the most challenging
motion segmentation dataset currently available, as in the absence of motion the camouflaged
animals are almost indistinguishable from the background by appearance alone (i.e., colour
and texture). Notably, in many cases the camouflage is so strong that the target animal is
indistinguishable from the background in a single frame; however, it is revealed in the mo-
tion exhibited across frames. The dataset contains 141 video sequences of resolution 720p
collected from YouTube depicting various camouflaged animals of 67 categories moving in
natural scenes. Models trained on another dataset are tested on this dataset to validate gen-
eralization ability, as MoCA does not provide a training subset. As standard [295, ], we

train on DAVIS 2016.

The ground-truth is provided as bounding boxes, and we follow previous work [26&] in
removing videos that contain no predominant target locomotion, to evaluate on a subset of 88
videos constituting approximately 2803 frames. We follow the standard evaluation protocol
provided for this dataset. The evaluation protocol for segmentation on this dataset computes
the Intersection over Union (IoU) between the ground-truth bounding box and the minimum
box that includes the estimated segmentation mask. In addition, the evaluation protocol on
MoCA includes success rate at various thresholds. We evaluate using mloU with the largest
bounding box on the predicted segmentation and also report the success rate with varying loU

thresholds, 7 € {0.5, ...,0.9}.

DAVIS 2016. Densely Annotated VIideo Segmentation (DAVIS) 2016 [178] is an au-

tomatic foreground-background segmentation dataset containing 50 high-quality video se-
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quences with a total of 3,455 annotated frames of 480p and 720p resolution. There are 30
videos for training and 20 for testing. The videos cover multiple occurrences of common video
object segmentation challenges, such as occlusions, motion blur and appearance changes. The
video sequences contain a single object or two spatially connected objects annotated in each
frame as the primary foreground object with a distinctive motion. There also are video-level
attributes describing challenges present in the sequence, such as occlusions, fast-motion, non-
linear deformation and motion-blur to enable a deeper understanding of the results of algo-

rithms on this dataset.

Pixel-precision ground-truth is provided for the DAVIS 2016 dataset. We follow the stan-
dard evaluation metrics reported in recent approaches in this dataset. Three complementary
metrics are used to evaluate the performance of video object segmentation models on this
dataset. These metrics measure the spatial accuracy of the segmentation, the quality of the
silhouette and the temporal coherence. Spatial accuracy is measured using region similarity,
Intersection-over-Union (IoU), also known as the Jaccard index [204]. Silhouette quality is
measured in terms of contour accuracy. To compute contour accuracy, the segmentation mask
is considered as a set of closed contours, then the F-measure [34] is calculated from the contour
based precision and recall between the segmentation mask and the ground-truth. Temporal
stability is measured in terms of the segmentation contours between frames. For this purpose,
polygonal representations of the contours of adjacent frames are matched using dynamic time
warping to minimize the shape context descriptor (SCD) distance [10]. The temporal stability
is calculated as the mean cost per matched point. Following recent work [ 145, , ], we
only report results as mean Intersection over Union (mloU), 7, and boundary accuracy, F,

using 480p resolution frames.

YouTube-Objects. The YouTube-Objects [ | 80] dataset contains a total of 155 web videos
collected from YouTube. There are objects of 10 semantic classes and each class has nine to
24 videos of duration between 30 seconds and three minutes at resolution 720p. These videos

are split into 1,407 clips containing a total of approximately 570,000 frames.

For video object segmentation, a subset of this dataset is used which has 126 shots with
20,647 frames covering all of the 10 semantic classes. A shot in this context is a short clip from
a video containing the same objects. Generally, a shot is a continuous sequence from a video
that was produced from a single capture of the camera and hence contains mostly the same ob-

jects with uniform camera settings. This subset provides pixel-level foreground-background
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annotations of every 10" frame [90]. This subset is used to validate the generalization ability
of automatic video object segmentation models and has no training set of its own. For this pur-
pose, models trained on other datasets are validated on the pixel-level annotated subset of the
YouTube-Objects dataset. We follow standard protocol [295, ] and train on DAVIS 2016.
We follow the standard evaluation protocol used for this dataset. In particular, we used both
per class mean intersection over union and the average of the mean intersection over union
for all the classes across whole dataset. Spatial accuracy is measured using region similar-
ity, Intersection-over-Union (IoU), also known as the Jaccard index [204]. More specifically,

accuracy is reported as mean loU (mloU) per category as well as the mean over all categories.

4.1.2 Task specific details

The only necessary specialization of the MED-VT architecture is to set the number of outputs
in the last layer of the segmentation task head, , to the number of segment categories. For

AVOS, the only category is foreground object; correspondingly, we set a single output.

For object segmentation, we train the model using a combination of distribution-based
and region-based losses. In particular, we combine the distribution-based focal [134] and the
region-based Dice [159] losses for computing both the main, £,,, and auxiliary, £,, losses in
equation 3.20 (See Appendix A for definition of loss functions.) Notably, this combination
ameliorates the challenge of class imbalance [!34, ], as in the evaluated datasets back-
ground pixels are more frequent than other classes. To support many-to-many label propaga-
tion in AVOS we use the entire clip ground-truth to compute the loss. We use a clip length,
T = 6. We train the model once to evaluate on all three AVOS datasets. During the training we
use the 30 videos from train split of DAVIS 2016 and augment them using additional videos
from from the training set of Youtube-VOS [266] following recent works [295]. We employ
data augmentation strategies, including vertical and horizontal flipping as well as multiscale
training [ | 88] and the input images are downsampled so that the smallest side length becomes
300 pixels. We use AdamW [143] as optimizer, with initial learning rate 10~ for the back-
bone and 10~ for the rest of the model. We use weight decay of 1 x 10~* and train for 15

epochs on the augmented training set using polynomial learning rate decay with power 0.9.

For inference we use the same clip length as in training, 7" = 6, in a sliding window with

the predicted logits upsampled to the original image size. Each temporal window of frames
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Uses RGB+Flow Uses RGB only

Measures COD (two-stream) [116] MATNet [295] RTNet[188] | COSNet[145] Ours Ourst

7 Mean T 553 64.2 60.7 50.7 9.6 785
=05 0.602 0.712 0.679 0.588 0.764 0.877

=06 0.523 0.670 0.624 0.534 0723 0.851

Success Rate 1 7 =07 0.413 0.599 0.536 0.457 0.681 0.798
=08 0.267 0.492 0.434 0.337 0.568  0.706

=09 0.088 0.246 0.239 0.167 0386  0.468

SRomean 0.379 0.544 0.502 0.417 0.624  0.740

Table 4.1: Results of Moving Camouflaged Object Segmentation on MoCA Dataset. The best
overall results are shown in bold. Results shown as mean Intersection over Union (mloU) and
localization success rate for various thresholds, 7. Our results are reported with ResNet-101
backbone, as used in the state of the art [145, , ], as well as Video-Swin backbone,
labelled with 7.

serves as input to our model to predict the segmentation of its centre frame. During inference
on DAVIS 2016 only, we use multiscale inference for postprocessing with predictions averaged
over different scales using scale multipliers, (0.7, 0.8, ..., 1.2), as it is standard practice to
show results on DAVIS with and without postprocessing [33]. We scale the smallest side of the
input images to 473 pixels for DAVIS 2016, 473 pixels for MoCA and 360 pixels for YouTube

Objects respectively while maintaining the original aspect ratio of the test video frames.

4.1.3 Results on MoCA

Quantitative evaluation. Table 4.1 shows MoCA results, with comparison to the previous
state of the art. It is evident that MED-VT outperforms all others by a notable margin when
using the same backbone (i.e., ResNet-101 [74]) as the previous state of the art [295, ].
Moreover, MED-VT performance improves even further when using the recent attention-based
Video-Swin backbone [141]. Interestingly, even though our model does not use optical flow,
it succeeds on this dataset where motion is the primary cue to segmentation due to the cam-
ouflaged nature of the animals. This fact supports the claim that our encoder is able to learn

rich spatiotemporal features, even without optical flow input.

Qualitative evaluation. Figure 4.1 presents qualitative results on the MoCA dataset using
the segmentation masks overlaid with input images in red. Note that the ground-truth is only
specified as bounding boxes, whereas MED-VT performs pixel-precision segmentation to de-

lineate actual object shape. The examples show the segmentation performance of MED-VT
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Figure 4.1: Qualitative Segmentation Results (red masks) Comparing MED-VT to Ground-
truth and Baseline Algorithm on MoCA Dataset. Left: Three frames of flounder-6. Right:
Three frames of hedgehog-1. MED-VT segments with fine precision and temporal consis-
tency, even in the presence of severe camouflage. MoCA ground-truth only specified as

bounding boxes; although, MED-VT goes further to delineate actual object shape.

in the presence of strong camouflage. In particular, MED-VT successfully handles the false
negatives of the single scale baseline to produce better segmentation masks for the case of
flounder-6. For the case of hedgehog-1, it is seen that MED-VT successfully eliminates many

false positives of the single scale baseline and delineates the object well.

4.1.4 Results on DAVIS 2016

Uses RGB + Optical Flow Uses RGB only
Measures

MATNet [295] RTNet [188] FSNet [92] HFAN[177] TMO[41] PMN[118] Isomer[281] | COSNet[145] DFNet[289] IMP[119]  Ours Ourst

Mean 1 824 843/85.6  82.1/834  86.8/83.0 85.6)-  85.4/856 88.8/- 1805 /834 845/-  83.3/83.7 85.0/86.7

J  Recall 1 -194.5 -/96.1 - 96.1/96.2 - - - -/94.0 - 927/~ 93.6/93.3 95.6/ 96.6
Decay | 5.5 - - 4.3/4.5 - - - /0.0 - 2.8/~ 0.05/0.05 0.06/0.07
Mean 1 180.7 83.0/847  83.0/83.1  88.2/89.3 86.6)-  86.4/36.2 91.1/- 7794 818 86.7/-  84.3/83.7 87.6/36.9

F Recall 1 -190.2 -93.8 - 95.3/95.4 - - - -90.4 - 933/~ 93.6/93.7 95.1/94.5
Decay | /45 - - 1.1/2/0 - - - -/0.0 - 0.8/~ 0.03/0.03 0.04/0.04

Table 4.2: Results on DAVIS 2016 Validation Set. For those using post processing (e.g.,
conditional random fields [2, 295, 188, 92, 244, 145, 241, 289], instance pruning [273, 289],
multiscale inference [289]), results shown as x/y, with z and y results without and with post
processing, resp. Boundary F-measure, F, and mean Intersection over Union (mloU), 7 are
shown. We show our results with the ResNet-101 backbone and the Video-Swin backbone,

indicated by . Best results in bold.

Quantitative evaluation. Table 4.2 shows DAVIS 2016 results, with and without postpro-
cessing. With the Video-Swin backbone, MED-VT outperforms alternatives that, like MED-

VT, do not employ optical flow information in mean/recall F-measure, /', and mean/recall loU,
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Figure 4.2: Qualitative Segmentation Results (red masks) Comparing MED-VT to Ground-
truth and Baseline Algorithm on DAVIS 2016. Left: Three frames of dance_twirl. Right:
Three frames of breakdance. MED-VT segments with fine precision and temporal consis-

tency, even in the challenging situation of thin object parts and articulated motion.

J. When comparing to alternatives that use optical flow as additional information, MED-VT
still outperforms the majority of approaches, except for HFAN [177] and Isomer [28 1], where
MED-VT is still competitive. Again when reverting to the ResNet-101 backbone for MED-
VT, MED-VT outperforms all similar alternatives that work directly on video frames (i.e.,
RGB without optical flow) on mean F-measure and mloU while being competitive with the
approaches relying on additional optical flow input. Notably, MED-VT relies only on RGB
frames while other state-of-the-art approaches use optical flow as an additional input to exploit
object motion. Moreover, most of the DAVIS 2016 results include CRF postprocessing [ 1 3].
In contrast, we do not employ such complex postprocessing; rather, we follow a simpler mul-

tiscale inference strategy similar to that used by another approach [289].

There is evidence that success on DAVIS 2016 is driven largely by the ability to capital-
ize on single frame/static appearance information (e.g., colour, texture), rather than dynamic
(e.g., motion) information [ 12]. Unlike MED-VT, RTNet [ 88], uses extra pre-training on a
saliency segmentation dataset, which aligns with success on DAVIS 2016 being tied to single
frame information. Nevertheless, not only can MED-VT be competitive with RTNet (e.g., on
mean F-measure without postprocessing) when using the same ResNet-101 backbone, but by
switching MED-VT to the Video-Swin backbone it yields better performance on boundary
accuracy and also slightly better performance on mloU, without an extra dataset or optical

flow.
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Qualitative evaluation. Figure 4.2 presents qualitative results on the DAVIS 2016 dataset
using the segmentation masks overlaid with input images in red. The examples show the
segmentation performance of MED-VT in the presence of complex articulated motions and
objects with thin body parts. MED-VT deals with all of these challenges in a temporally con-
sistent fashion, with consistency from the encoder as well as label propagator and localization
from the decoder. In particular, we observe that MED-VT can segment the thin parts of the
dancer’s body on dance_twirl, e.g., hands and legs, consistently across frames. Similarly,
MED-VT precisely segments the dancer in breakdance consistently across frames even in the

presence of complex articulated motion and other stationary persons in the background.

4.1.5 Results on YouTube-Objects

Categor Uses RGB+Flow Uses RGB only
gory MATNet [295] RTNet [188] HFAN[177] TMO [4]] PMN ] | PDB [207] AGS [244] COSNet[145] AGNN [241] Ours Oursf

Airplane(6) 72.9 84.1 84.7 85.7 - 78.0 87.7 81.1 81.1 88.9 889
Bird(6) 71.5 80.2 80.0 80.0 - 80.0 76.7 75.7 75.9 73.6 854
Boat(15) 66.9 70.1 72.0 70.1 - 58.9 72.2 71.3 70.7 774 779
Car(7) 79.0 79.5 76.1 78.0 - 76.5 78.6 77.6 78.1 777  86.6
Cat(16) 73.7 71.8 76.0 73.6 - 63.0 69.2 66.5 67.9 795 834
Cow(20) 674 70.1 71.2 70.3 - 64.1 64.6 69.8 69.7 761 753
Dog(27) 75.9 71.3 76.9 76.8 - 70.1 733 76.8 774 759 811
Horse(14) 63.2 65.1 71.0 66.2 - 67.6 64.4 67.4 67.3 68.6 677
Motorbike(10) 62.6 64.6 64.3 58.6 - 583 62.1 67.7 68.3 659  69.2
Train(5) 51.0 533 61.4 47.0 - 35.2 48.2 46.8 47.8 70.1 772
Mean 69.0 71.0 73.4 71.5 71.8 65.4 69.7 70.5 70.8 754 793

Table 4.3: Results on YouTube-Objects. Results shown as mean Intersection over Union
(mloU) per category as well as overall average across all categories. Numbers in parentheses
following category names indicate the number of instances per category. MED-VT results re-
ported with the standard ResNet-101 backbone as well as the Video-Swin backbone (}). Best
results are highlighted in bold.

Quantitative evaluation. Table 4.3 shows YouTube-Objects results. For overall results
averaged across categories, it is seen that our approach once again outperforms all others by
a considerable margin when using the standard ResNet-101 backbone without optical flow
and further improves using Video-Swin, again without optical flow. Also, it is observed that
although the performance of most of the alternatives varies widely across different categories
(e.g., Airplane vs. Train), our approach is consistent across categories, which demonstrates
its robustness. This observation is especially evident in the most challenging category, Train,
where our approach outperforms the previous state-of-the-art approach, HFAN [177], that

uses optical flow input by 15.8%.

Qualitative evaluation. Figure 4.3 presents qualitative results on the YouTube-Objects
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Figure 4.3: Qualitative Segmentation Results (red masks) Comparing MED-VT to Ground-
truth and Baseline Algorithm on the YouTube Objects Dataset. Left: Three frames of clip
0025 from train class. Right: Three frames of clip 008 of cow class. MED-VT segments with
fine precision and temporal consistency, both in scenarios of multiple foreground objects and

objects with connected components undergoing articulated motion.

dataset using the segmentation masks overlaid with input images in red. It is evident from the
visual examples that MED-VT segments with fine precision and temporal consistency, both in
scenarios of multiple foreground objects and objects with connected components undergoing
articulated motion. In the example of train, the primary foreground object (i.e., the train)
is undergoing articulated motion with multiple connected coaches. As shown in the figure,
MED-VT successfully delineates the whole train across different frames, whereas the baseline
delineates only the front compartment. On cow there are multiple cows moving in the field
with the additional challenges of occlusion and deocclusion as well as new objects entering
the scene. The ground-truth considers all of these cows as foreground objects. MED-VT is
able to delineated the objects in such a scenario, whereas the baseline shows limited ability
to delineate the suddenly appearing additional foreground object in the multi-object scenario

(see the fifth column).
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4.2 Actor-action segmentation

4.2.1 Datasets and protocols

For actor-action segmentation, we use the A2D dataset [263] as it is the largest dataset of natu-
ral images available til date containing actor-action tuples as annotation for joint segmentation
of multiple actor and actions. Since our task of interest is segmentation, we do not consider

datasets providing bounding box annotations (e.g., VidOR [201]).

A2D. The A2D [263] dataset provides actor-action segmentation with annotation for seven
actor classes (adult, baby, ball, bird, car, cat and dog), eight action classes (climb, crawl, eat,
fly, jump, roll, run and walk) and the no-action class. This dataset facilitates three specific
problems including actor-action recognition with single-label, multiple-label and actor-action
segmentation. The A2D dataset has 3,782 unconstrained ‘in-the-wild” videos with varying
characteristics collected from YouTube and provides pixel-level annotations. There are 43
valid actor-action tuples with at least 99 instances per tuple for joint actor-action segmentation
tasks. The training split has 3,036 videos and test split has 746 videos divided evenly over
all actor-action tuples. Both pixel level and bounding box annotations are provided per actor-

action pair.

The evaluation of actor-action segmentation on this dataset includes global pixel accuracy,
mean per-class accuracy and mean pixel Intersection-over-Union (mloU) for both separate
actor and action segmentation as well as joint actor-action segmentation [262]. The global
pixel accuracy measures the overall percent of pixels with correct label. The mean per-class
accuracy measures the percent of pixel level accuracy initially per class and then averaged
across classes. The mean pixel Intersection-over-Union (mloU) evaluates the region similarity
using Intersection over Union (IoU), aggregated similarly to per-class accuracy. We follow the
standard evaluation metrics reported in recent methods for the sake of comparability. Recent
work considers mloU as the most representative metric for correct pixel prediction over all

classes [185] and that is what we report in our evaluation.
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Method Input Backbone  mloU

Jietal [93] ResNet-101  36.9
Dang et al. [47] RGB + Optical Flow ResNet-101  38.6
SSA2D [185] 13D 39.5
MED-VT (Ours) RGB ResNet-101  45.7

Video-Swin 57.1

Table 4.4: State-of-the-art Comparisons for Actor-action Segmentation on A2D Dataset. The

best results are shown in bold. Results given as mean Intersection over Union (mloU).

4.2.2 Task specific details

The only necessary specialization of the MED-VT architecture is to set the number of outputs
in the last layer of the segmentation task head, H, to the number of segment categories. For
actor-actions, the number of categories is the number of actor-action tuples. For the A2D

dataset that number is 43 and we set the number of outputs correspondingly.

For actor/action segmentation, we train the model using only a distribution-based loss. In
particular, we use the distribution-based multiclass focal cross entropy loss [134] (See Ap-
pendix A for definition of loss functions.) Thus, it is used for both the main and auxiliary loss
terms in equation 3.20. For the A2D dataset, we only have a ground-truth label for the centre
frame. So, we segment all the frames in a clip together but minimize the loss for the center
frame only. Since the whole clip is processed altogether, the model learns to segment all the
frames in a clip with supervision from only the center clip ground-truth. This strategy allows
us to apply label propagation in a similar way as done for the AVOS task. We train the model
on the train set of A2D without any additional data. We employ data augmentation strategies,
including vertical and horizontal flipping, use AdamW [143] as optimizer, with initial learn-
ing rate 10 for the backbone and 10~ for the rest of the model. We use weight decay of
1 x 10~* and train for 30 epochs using polynomial learning rate decay with power 0.9. Unlike
AVOS, we do not use any sliding window during inference on A2D since the whole clip fits
to our memory at once. Clip inference length is six and the predicted logits are upsampled to
the original image size. During both training and inference, we scale the smallest side of the

input images to 320 pixels for A2D dataset.
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Figure 4.4: Qualitative Segmentation Results Comparing MED-VT to Baseline Algorithm on
A2D Dataset. Left: Three frames of clip 2yu9Qkdo4HY with adult-none and baby-climbing
actor-action tuples. Right: Three frames of clip CmOTlghp_4s with adult-walking and dog-
walking actor-action tuples. MED-VT segments with fine precision and classifies correct
actor-action tuples, both in scenarios of multiple objects performing different actions and

involving complex object motions.

4.2.3 Results on A2D

Quantitative evaluation. Table 4.4 compares our approach on actor-action segmentation to a
number of alternatives, all of which use optical flow as an extra input, across different feature
backbones. Our results are consistently better than the alternatives, even when we operate
under the simplest setting, i.e., one input modality (RGB images) and weaker features, i.e.,
ResNet-101 vs. I3D used by the previous state-of-the-art (SSA2D). When trained and tested
with the stronger Video-Swin backbone (yet maintaining only RGB input), the improvements
are even more notable, e.g., we outperform the previous best (SSA2D[ 1 85]) by more than 10%

with Video-Swin features [141].

Qualitative evaluation. Figure 4.4 presents qualitative results on the A2D dataset using
the segmentation masks overlaid on input images in red. The examples show that MED-VT
can delineate segmentation regions precisely with correct actor-action classes compared to the
baseline where both segmentation and classification errors are present. Notice, for example,
the superior ability of MED-VT to delineate the boundary between the non-moving adult and
the climbing baby in the left example and precise segmentation and correct classification of

adult walking and dog walking in the right example. Overall, MED-VT segments with fine
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precision and classifies correct actor-action tuples in scenarios of multiple objects performing

different actions and involving complex object motions.

4.3 Video semantic segmentation

4.3.1 Datasets and protocols

We compare our proposed method with state of the art VSS methods on large scale bench-
mark of VSPW dataset. We consider evaluating our model on the VSPW dataset due to its
comprehensive coverage of real-world scenarios and categories in video scene parsing fea-
turing well-trimmed long-temporal clips, making it the largest benchmark for video seman-
tic segmentation using real-world videos to date. Again, we focus on evaluating our model
across multiple task categories to emphasize generality, rather than more datasets per task for

a smaller number of tasks.

VSPW. Video Scene Parsing in the Wild (VSPW) [157] is a large-scale video semantic
segmentation dataset containing 3,536 videos, each approximately five seconds long. The
dataset provides pixel-level annotations for 124 categories. There are 2,806 videos in the
training split, 343 videos in the validation split and 387 videos in the test split. The dataset
covers a wide range of real-world scenarios, including both indoor and outdoor environments.

Annotations are provided for both thing and stuff classes.

The evaluation metrics for this dataset includes mean IoU, weighted IoU and Tempo-
ral Consistency (TC). The mean IoU is the region similarity measure using intersection-
over-union between the estimated and ground-truth pixels averaged over all the classes. The
weighted IoU also calculates the region similarity but is weighted by the total pixel ratio of
each class. The Temporal Consistency (TC) is computed as the intersection-over-union be-
tween the estimated mask of frame ¢ and the warped estimated mask from frame ¢ — 1 to frame
t. Optical flow-based warping is used for this purpose. We follow the standard evaluation met-
rics reported in recent approaches for the sake of comparability. Following the disparity of
reported metrics in various recent methods, we report on the superset of the reported metrics

found in recent works.
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4.3.2 Task specific details

The only necessary specialization of the MED-VT architecture is to set the number of outputs
in the last layer of the segmentation task head, H, to the number of segment categories. For
semantic segmentation, the number of categories is the number of thing and stuff classes. For

the VSPW dataset that number is 124 and we set the number of outputs correspondingly.

For semantic segmentation, we train the model using a combination of distribution-based
and region-based losses. In particular, we combine the distribution-based focal [134] and
the region-based Dice [159] losses (See Appendix A for definition of loss functions.) Thus,
this combination is used for both the main and auxiliary loss terms in equation 3.20. No-
tably, this combination ameliorates the challenge of class imbalance [!34, ]. We train
the model on the train set of VSPW without any additional data. We employ standard data
augmentation strategies, including vertical and horizontal flipping and random scaling. We
downsample the input images during training so that the smallest side becomes 360 pixels.
We use AdamW [143] as optimizer, with initial learning rate 10~ for the backbone and 10~*
for the rest of the model. We use weight decay of 1 x 10~* and train for 10 epochs using
polynomial learning rate decay with power 0.9. Both training and inference is done with a
clip size, ' = 6. Similar to AVOS, we use sliding window during inference and the predicted
logits are upsampled to the original image size. During inference, we scale the smallest side

of the input images to 473 pixels for the VSPW dataset.

4.3.3 Results on VSPW

Quantitative evaluation. Table 4.5 compares our approach on video semantic segmentation
to a number of alternatives on the VSPW validation set. Overall, MED-VT without major
task specific modification of the model achieved competitive results on VSPW (on-par with
the second best results, Tube-Link [127]). Notably, the best reported results, TubeFormer-
DeepLab [103], used additional data augmentation that has not been released, clip-level copy-

paste.

Qualitative evaluation. Figure 4.5 shows qualitative segmentation results comparing
MED-VT to the baseline algorithm on the VSPW dataset. These visual examples show that

MED-VT can better delineate semantic categories compared to the baseline. For instance,
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Method Backbone mloU fwloU mVCs mVCig

TCB [157] ResNet-101 37.8 59.5 86.9 82.1
Video K-Net [128] ResNet-101 38.0 - 87.2 82.3
CFFM [211] MiT-B5 49.3 65.8 90.8 87.1
MRCFA [212] MiT-B5 49.9 66.0 90.9 87.4
TubeFormer-DeepLab [103] Axial-ResNet-50x64  63.2 - 92.1 88.0
Tube-Link [127] Swin-L 59.7 - 90.3 88.4
MED-VT (Ours) Swin-B 58.1 72.9 89.7 83.3
MED-VT (Ours) Swin-L 59.6 731 90.5 86.7

Table 4.5: State-of-the-art Comparisons for Video Semantic Segmentation on VSPW Dataset.
The results report mean intersection over union (mloU), frequency-weighted intersection over
union (fwloU) and video consistency (mV Cs, mV C4), with 8 and 16 the number of frames

over which consistency is calculated. Best results in bold.

the left three columns show that MED-VT delineates the tennis net consistently across the
video frames, whereas the baseline model fails. The example on the right three columns show
MED-VT segmenting the cross walk stripes better than the baseline, as the stripes appear with

various thicknesses that are best captured through multiscale representation.

4.4 Audio visual segmentation

4.4.1 Dataset and protocol

For multimodal audio visual segmentation, we use the AVSBench dataset suite as it is the only
dataset containing sound source segmentation annotation. Again this dataset suite offers two
datsets containing two different types of challenge discussed below. We do not use datasets

containing bounding box annotations as our objective is segmentation.

AVSBench. The AVSBench [293] dataset is a benchmark for audio visual segmentation,
aiming to segment sound sources in video frames according to the audio signal. This formu-
lation of multimodal video segmentation is different from the speech referring video object
segmentation as the audio is a sound generated from some objects in the video rather than a
target reference given by a speaker. The dataset provides pixel-level annotations for the sound-

ing objects in audible videos. The videos are split into train, validation and test sets. There
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Figure 4.5: Qualitative Segmentation Results (red masks) Comparing MED-VT to Ground-
truth and Baseline Algorithm on VSPW Dataset. Left: Three frames of 1017_8alZCJKQLIs.
Right: Three frames of 2372_R3mhAhexxyY. MED-VT segments with fine precision and
temporal consistency, even in the challenging situation of dense segmentation in the presence

of small moving objects and clutter.

also are two subsets of data, single-source (S4) and multi-source (MS3) audio. The subset
focused on a single sound source comprises 4,932 videos in total with train, valid and test
splits of 3,452, 740 and 740 videos, respectively. The multi-source subset has 424 videos in
total with train, valid and test splits of 296, 64 and 64 videos, respectively. Both of the subsets
are comprised of videos spanning 23 categories, encompassing various sounds produced by
humans, animals, vehicles and musical instruments, with the sound producing object consid-
ered as foreground. Similar to other object segmentation tasks, the evaluation metrics used
are mean IoU and F-measure. We follow the standard evaluation metrics reported in recent
approaches in this dataset for the sake of comparability which includes both mean IoU and

F-measure.

4.4.2 Task specific details

The necessary specialization of the MED-VT architecture for AVS leads to the extension of
MED-VT++ described in Section 3.3. We instantiate MED-VT++ using pretrained PVTv2 [2406]
and VGGish [78] as visual and audio backbone, respectively, because those are used by our
comparison approaches. The number of output classes in the task head is set to 1, as the

objective is to segment the sound producing object (single-source) or objects (multi-source)
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as foreground. We use T' = 5 as clip size because the employed AVS dataset only provides
five annotated frames per video. We infer the whole sequence at once without using a sliding
window. We also do not use label propagation as the the sound source segmentation requires
the segmentation to follow the audio signal, not temporal context from visuals (e.g., a person

can be present in all frames but segmented only in the frames where talking or singing.)

For training, we follow the same objectives used in earlier AVS work [293]. In particular,
we use cross-entropy loss and Kullback-Leibler (KL) divergence for the multiple sound source
setting (MS3) and only cross-entropy for the single sound source setting (S4). (See Appendix
A for definition of loss functions.) Since label propagation is not used for this task, we do
not need to use the auxiliary loss in the objective equation 3.20. We train and evaluate on
the two subsets, S4 and MS3 separately. In both of the training, we use smallest side of the
input images as 384 pixels. We use AdamW [143] as optimizer, with initial learning rate
10~ for the backbone and 10~ for the rest of the model. We use weight decay of 1 x 10~*
and train for 50 epochs using polynomial learning rate decay with power 0.9. Additionally,
when training on the MS3 subset, we initialize the model with the learned weights from the
S4 subset. During both training and inference, we used clip length, 7" = 5 and infer the whole
clip at once without using sliding window. During inference, we scale the smallest side of the

input images to 384 pixels for both S4 and MS3 subset of AVSbench dataset.

Quantitative evaluation. Table 4.6 compares our approach on audio visual segmenta-
tion to the most recent alternatives on the AVSBench dataset [293]. MED-VT++ outperforms
the prior state of the art on both the single (S4) and multiple (MS3) sound source settings
under both mean intersection over union and F1 scores. These results indicate that the multi-
modal extension of MED-VT, with a simple attention based feature interaction across different
modalities, can produce superior results compared to modality specific specialized feature in-

teraction mechanisms [293].

4.4.3 Results on AVSBench

Qualitative evaluation. Qualitative visualizations for this task are shown in Figure 4.6. We
observe that MED-VT++ accurately segments the sound source object corresponding to ‘man
talking” and ‘man talking and playing piano’ in the video frames. In the baseline model,

person is not properly segmented and false positive segmentation of the piano occurs, even
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| S4 | MS3

| My | Mp | My | Mp
AVS [293] 78.74 | 87.9 | 54.00 | 64.5
DiffusionAVS [151] | 81.38 | 90.2 | 58.18 | 70.9

AVSegFormer [59] 83.06 | 90.5 | 61.33 | 73.0
MED-VT++ (Ours) | 83.22 | 944 | 66.61 | 75.5

Method

Table 4.6: State-of-the-art Comparison of Audio Visual Segmentation on AVSBench. The
results report mean intersection over union (M ;) and Fl-score (Mp). S4 and MS3 are two
different problem formulations representing single sound source segmentation and multiple

sound source segmentation. Best results highlighted in bold.

when the piano is not playing. In contrast, MED-VT++ successfully follows the sound sources

to segment the desired objects.

4.5 Ablation study

The previous section documented the overall strength of MED-VT, with an integral part of
that presentation being a confirmation of one of our key contributions: state-of-the-art per-
formance on multiple video segmentation tasks without extra optical flow input. In this sec-
tion we conduct ablation experiments on automatic video object segmentation (DAVIS 2016,
MoCA, YouTube-Objects), actor-action segmentation (A2D) and video semantic segmenta-
tion (VSPW) to investigate two more of our contributions: the multiscale encoder-decoder

video transformer and many-to-many label propagation.

Table 4.7 shows that the multiscale decoder immediately improves over the single scale
baseline for all of the tasks (AVOS, actor-action segmentation and VSS). Addition of the mul-
tiscale encoder further improves the results to demonstrate their complementarity and the
importance of unified multiscale encoding-decoding. Moreover, addition of many-to-many
label propagation to the unified encoder-decoder consistently leads to the best overall perfor-
mance. This enhancement can be traced to the label propagation yielding more temporally

consistent predictions.

We also do a direct analysis of the benefits of our many-to-many label propagation vs.

an alternative many-to-one label propagation technique, where many-to-one only propagates
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Figure 4.6: Qualitative Segmentation Results (red masks) Comparing MED-VT++ to Ground-
truth and Baseline Algorithm on AVSBench Dataset. Shown are frames 1, 3 and 5 from
two sequences. The audio of first sequence on the left refers to the sound from two musical
instruments that are delineated by the segmentation model. The audio of the second sequence
on the right has sounds for ‘man talking’, ‘man talking and playing piano’ and ‘piano playing’
corresponding to the shown frames. MEDVT++ can successfully follow the audio signal to
only segment the sound producing objects and only in the frames where the object is producing

sound even in challenging scenarios where the sound source changes over time.

Decoder Multiscale | Encoder Multiscale | Label Propagation | DAVIS 2016 | YouTube Objects | MoCA | A2D | VSPW
- - - 79.5 73.9 67.5 | 523 | 563
v - - 81.5 74.2 67.7 | 546 | 56.7
v v - 82.2 74.4 69.1 | 557 | 57.6
v v v 83.3 754 69.6 | 57.1 | 58.1

Table 4.7: Multiscale Encoder, Decoder and Label Propagation Ablations. The results report
mloU. Best results highlighted in bold.

from previous frames to the current. Table 4.8 shows consistent improvement with many-to-

many label propagation over the many-to-one alternative.
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Method | DAVIS 2016 | YouTube Objects | MoCA

- 82.2 74.4 69.1
Mtol 81.7 74.5 68.6
MtoM 83.3 75.4 69.6

Table 4.8: Comparison of Many-to-One (Mto1l) vs. Our Many-to-Many (MtoM) Label Prop-

agation. Best results in bold.

4.6 'Temporal properties

To document the overall ability of MED-VT to exploit the temporal dimension, without com-
puting optical flow, we consider the impact of corrupting the temporal information in a video.
For this experiment we use the MoCA dataset due to its camouflage nature highlighting tem-
poral information. We use two variants of temporal perturbation: shuffle the frame order
and replicating a single frame 7' times (/' is the clip length) to constitute a clip with no tem-
poral dynamics. We perform these experiments with variable temporal sampling rates. Re-
sults are shown in Table 4.9. It is seen that shuffling reduces performance for all sampling
rates, which demonstrates the importance of frame order. Notably, a far greater performance
drop is observed when the temporal information is fully diminished by repeating the same
frame. This evidence documents that MED-VT can exploit both correlated information from
multiple frames and temporal order in segmenting objects. Conventional video segmenta-
tion approaches that simply extend single image segmentation models to process individual
frames fail to capture this temporal information, while approaches relying on optical flow
limit the ability for considering temporal information to only consecutive frames. Conversely,
MED-VT exploits temporal information via clip-based inference with multiscale processing

throughout.

As a demonstration of temporal consistency, we provide a quantitative result showing IoU
over time (i.e., across frames) for a sequence from DAVIS 2016 and a sequence from MoCA
comparing our single scale baseline and MED-VT using a ResNet-101 backbone. The result
is plotted in Figure 4.7. It is seen that our results are comparably smoother than the baseline,
e.g., showing less zig-zag pattern, and thereby documenting better temporal consistency in

the segmentation.
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| Sampling rate

Method

1] 5 |10
- 78.5 | 78.0 | 77.6
Shuffle frame order in clip 77.1 | 774 | 773

Repeat a single frame in the clip | 70.4 | 72.1 | 72.1

Table 4.9: Analysis of Temporal Dynamics by Means of Dynamic Perturbations on Clips
Using MoCA Dataset. Best results highlighted in bold.

1 1
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Figure 4.7: Temporal Consistency Analysis Using IoU over Time on Dance-twirl Video of
DAVIS’ 16 and Flounder Video of MoCA Dataset. Flounder IoU drops around frame 53 due

to sudden large camera motion.

4.7 Training and inference efficiency

We perform all benchmarking experiments on a Linux Server equipped with Intel(R) Xeon(R)
W-2155 3.30GHz CPU and an NVIDIA Quadro P6000 24 GB GPU. We run all experiments
on a single GPU. The training time is approximately two days. We run other models using
their publicly available code and trained models. Table 4.10 shows a comparison of inference
time, memory use and mloU score on the MoCA dataset. It is seen that our approach is
indeed efficient as it achieves the best performance in accuracy, while being faster in run
time. This efficiency is a result of our approach not depending on time consuming optical
flow estimation and the parallelization enabled by our ability to process a video clip as a
whole rather than sequentially frame-by-frame. Due to the use of a multiscale transformer
encoder, our approach requires more GPU memory than other approaches. An interesting

future direction is to investigate memory efficient video transformers, e.g., [105].
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Model ‘ Time (s) ‘ mloU ‘ Memory (MB)

MATNet [54] 0.9 64.2 2577
RTNet [32] 1.9 60.7 3615
COSNet [23] 1.3 50.7 9255
MED-VT (ours) 0.6 69.6 9509

Table 4.10: Comparison on Run Time and Memory Consumption. Best results highlighted in
bold.

4.8 Summary

This chapter has documented empirical evaluation of MED-VT on three unimodal video seg-
mentation tasks, Automatic Video Object Segmentation (AVOS), actor-action segmentation
and Video Semantic Segmentation (VSS) as well as MED-VT++ on the multimodal Audio
Visual Segmentation (AVS) task. For each task, evaluation datasets and protocols have been
documented as well as task specific implementation details. In all cases, MED-VT/MED-
VT++ has shown to be competitive with or exceeded the performance of current state-of-the-

art approaches to these tasks.
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Chapter 5

Interpreting MED-VT

To gain insight into the learned representations of MED-VT, we provide systematic probes
to the architecture at key processing stages: backbone feature extractor, multiscale encoder,
multiscale decoder and label propagator. At each stage, we provide both quantitative and
qualitative analyses. For these investigations, we focus on MED-VT trained on Automatic
Video Object Segmentation (AVOS) using the Video-Swin backbone [141]. For the sake of
comparison, we also present results on the single scale baseline version of MED-VT, which

was used for comparison in Chapter 4.

5.1 Methodology

5.1.1 Quantitative analysis.

To study the latent representations maintained by the backbone, transformer encoder and trans-
former decoder, we extend a recent method for analysing the extent to which deep models
capture static vs. dynamic properties in video [ 12]. Here, static is defined as the information
that can be captured from a single frame (e.g., colour and texture), while the dynamic factor
refers to the information conveyed from multiple frames (e.g., motion). Together, the static

and dynamic factors provide insight into fundamental aspects of video representation.

The original methodology calculated the extent that static vs. dynamic properties are rep-
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Figure 5.1: Example of Stylization Used for Interpretability Showing Stylized Frames from
Both Stylized DAVIS 2016 and Stylized MoCA. Left: Three frames of the breakdance video
from the DAVIS 2016 dataset. Right: Three frames of the flounder-6 video from MoCA.
Columns show original images and four different styles. Stylization perturbs the appearance

while keeping the temporal dynamics.

resented at layer-wise and unit-wise granularities. This property was calculated in terms of
mutual information between pairs of inputs generated from the same video clip, by perturb-
ing either the static or dynamic information. If the mutual information was decreased more
during perturbation of one type of information (static or dynamic) compared to other, then
that information was deemed to be more characteristic of what is captured at that layer or unit.
Static information was perturbed through appearance stylization, e.g., [219] (see Figure 5.1);
dynamic information was perturbed through frame shuffling or optical flow jittering. Details

are available in the original presentation [112].

In comparison to the original methodology, we employ two necessary modifications for
our video object segmentation setup: (i) We modify the dataset used in measuring the static/
dynamic bias to be less static biased; (ii) we use a different scheme for perturbing the dynamic
information. First, in addition to adopting use of the Stylized DAVIS 2016 dataset, we extend
to generate a stylized version of the MoCA dataset using a similar approach [219]. The reason
for using stylized MoCA is inspired by the findings of the original work that DAVIS 2016 itself
is static biased [112]. Thus, we chose another dataset that we believe to reduce the static bias

by its design that focuses on camouflaged objects, where motion is a critical factor. Second, we
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repeat the same frame throughout the clip to perturb dynamics in contrast to shuffling frames
used in the original methodology. This choice is rooted in our ablation experiments with
MED-VT, revealing that in video object segmentation shuffling the frame order is not sufficient
to perturb dynamics (Table 4.9); although, it may be the case for action recognition [!12].
Note, that the previous interpretability study focused on video object segmentation techniques
that use appearance (RGB frames) and motion (optical flow). However, our model, MED-VT,
relies on only appearance information without optical flow preprocessing; so, optical flow
jittering is not applicable. Finally, we use both layer-wise and element-wise analysis using

both Stylized MoCA and Stylized DAVIS 2016 using the static vs dynamic bias measure.

For quantitative analysis of label propagation, we employ the Receiver Operating Charac-
teristic (ROC), which supports evaluation of a classification model across different thresholds
to show the trade-off between sensitivity and specificity. We use ROC analysis for label prop-
agation because it employs a compact label encoding of the initial predictions in the label
space. This encoding intrinsically contains a very different representation compared to the
latent features in the intermediate layers. In particular, a quantitative method to interpret clas-
sifier characteristics is suitable for investigating its properties. We show the ROC curves for
the original videos vs. static or dynamic perturbed videos. For each variant, we extracted
the first principal component of the label encoding, computed true positive and false positive

rates and plotted the ROC.

5.1.2 Qualitative analysis.

For qualitative analysis, we visualize MED-VT’s internal representations using heat-maps of
the intermediate layer features after performing principal component analysis [7, ]. Since
our interest is pixel-wise semantically discriminatory feature generation throughout model
stages, we apply principal component analysis to the high-dimensional features and analyze
the region-wise distinguishable activation of the main principal component. A rich feature
representation for pixel-wise estimation tasks is expected to have features that show activa-
tion regionally distinguishable across semantics of the scene. As a representative input for
demonstration, we use the Flounder_6 video from the MoCA dataset for the following rea-
sons. First, this sequence represents a very challenging scenario where the object (fish) in

the scene is heavily camouflaged and very difficult to distinguish in a single frame. Second,
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Figure 5.2: Layerwise Static vs. Dynamic Bias Analysis of MED-VT Compared to Our Single
Scale Baseline on MoCA and DAVIS 2016 Datasets. Left: MoCA layer-wise analysis. Right:
DAVIS layer-wise analysis. Overall, the analysis indicates that multiscale encoding-decoding

enriches dynamic information in encoding that stays consistent during decoding.

this sequence poses additional challenges, where the fish changes motion directions and en-
compasses various speeds. Third, the object also presents challenges of partially going out of

view and re-appearing in the scene.

5.2 Component-wise results

5.2.1 Backbone

Quantitative analysis. In Figure 5.2 the first four data points in the layer-wise analysis cor-
respond to the four backbone stages. It is seen that the backbone learns to encode more dy-
namics and less static information in the MED-VT multiscale model compared to the single
scale baseline, with most pronounced differences in stages three and four. In Figure 5.3, the
unit-wise analysis on MoCA also shows that the backbone encodes dynamic information in
more units for MED-VT compared to the baseline; although, the effect is lessened for DAVIS
2016. Furthermore, the joint encoding units increase in our model with respect to the base-
line on DAVIS 2016, with the increase largely coming at the expense of decreased residual
units. (Residual units are those that show little bias to either static or dynamic information,

while joint encoding units show approximately equal bias.) Notably, DAVIS 2016 itself is
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Figure 5.3: Unitwise Static vs. Dynamic Bias Analysis of MED-VT Compared to Our Single
Scale Baseline on the MoCA and DAVIS 2016 datasets. Left: MoCA unit-wise analysis.
Right: DAVIS unit-wise analysis. Dynamic and Static indicate units that are biased toward the

corresponding factor, while Joint indicates units that are equally biased to both and Residual

indicates units that have little response to either.

Image Ground-Truth Backbone F; Backbone F5 Backbone F5 Backbone [}

Figure 5.4: Activations (first principle component) at Different Backbone Layers as Heatmaps.
Top and bottom rows show two frames of a camouflaged fish. It is seen that distinct informa-
tion is captured at different scales (e.g., different object parts and textures). Keeping informa-

tion across all scales yields richest representation.

static biased, but still requires some consideration of dynamics [! | 2]; so, this dataset encour-
ages conversion of residual to joint encodings. These results support that using multiscale
processing in the downstream transformer compels even the earliest feature extraction, i.e. the
backbone, to acquire a nuanced understanding of task demands, e.g., importance of dynamics

in video segmentation, especially where motion is critical, e.g., in camouflaged MoCA.

Qualitative analysis. The visualizations in Figure 5.4 provides further insights. The
backbone features (columns three - six) show that the maximum activation is not always at
the last layer. As examples: The first row shows a scenario of severely diminished activation of

the object region in the deepest layer feature of the backbone compared to other intermediate
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Figure 5.5: Activations (first principle component) at Different Encoder Layers as Heatmaps.
Top and bottom rows show two frames of a camouflaged fish. Left-to-right: Input and bound-
ing box ground-truth, six encoder layers operating on the deepest backbone layer (columns
3-8), between and within scale encoder operating on penultimate background layer (columns
9, 10), logit predictions (column 11). W, denotes k'" layer of within scale encoder on stage

s. B;y; denotes between scale encoder between stage 7 and j.

layers; the second row reveals a different scenario where the second layer has activation from
the object’s main body, while other parts (e.g., tail) are best captured by deeper layers. These
results show that when operating as part of MED-VT the backbone is able to capture important
object characterizations across a range of scales and pass all of them forward for subsequent

processing, rather than just the deepest layer, which could be lacking in some details.

5.2.2 Encoder

Quantitative analysis. In Figure 5.2 data points 5-12 correspond to transformer encoder lay-
ers. The layer-wise analysis shows that MED-VT consistently increases in dynamic informa-
tion with increased depth compared to the baseline. The unit-wise analysis in Figure 5.3 also
shows an upswing of the dynamic factor during MED-VT encoding compared to the single
scale baseline for both MoCA and DAVIS 2016. Also seen is an increase in joint encodings
compared to the baseline. Interestingly, while the MED-VT encoder increases dynamics over
the MED-VT backbone on MoCA, it slightly decreases in dynamic encodings (as well as static
and joint encodings) on DAVIS 2016, with a corresponding increase in residual units. Even
so, however, the MED-VT encoder has far fewer residual units than the baseline, which in-
dicates that our multiscale processing encourages units to focus on static, dynamic and joint
encodings. Overall, these results reveal that MED-VT’s multiscale encoder captures more dy-
namic information than its single scale baseline counterpart and it does so progressively with

layer depth.

Qualitative analysis. Figure 5.5 visualizes different encoder layer activations. It is seen
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Figure 5.6: Activations (first principle component) Across Decoder Attention Heads as
Heatmaps. Top and bottom rows show two frames of a camouflaged fish. Left-to-right: Input,

bounding box ground-truth, decoder attention heads 1-8 (H; ... Hg) and all attention heads.

that going deeper in encoder layers provides an increase of distinguishable activation in the
object region, with the effect most pronounced in the top row. For both cases, the target object
is greatly enhanced compared to the backbone alone, cf. Figure 5.4. Comparing encoding
on the deepest layer backbone features, IV, to encoding on the penultimate layer backbone
features, W3, reveals complementarity provided by multiscale processing: The penultimate
scale provides more precise localization of the object boundaries, but with background noise;
the coarser scale ameliorates noise, but compromises on the boundaries. Our multiscale ap-
proach can reap the benefits of both scales. Finally, comparison of between scale, B34, and
within scale, W31, encoding shows the ability of between scale to enhance object delineation
beyond what is provided by within scale alone, as here is where the scales combine to exploit
complementarity. For example, notice how the body of the object better matches the final

shape and attains more precise, less blurry boundaries, especially in the upper row.

5.2.3 Decoder

Quantitative analysis. In Figure 5.2 data points 12-21 correspond to decoder layers. The
layer-wise results on MoCA show that the decoder maintains, but does not increase dynamic
encoding. Ideally, the decoder’s role is generation of adaptive queries without altering the
latent representation learned by the encoder; the observed behaviour is consistent with that
goal. Conversely, the dynamic factor decreases in the decoding stages on DAVIS 2016, which
apparently seems opposite to the expected properties of MED-VT. This outcome could be
attributed to the static bias that is inherent in the DAVIS 2016 dataset [112]. The decoder
generates dynamic queries based on encoded features to address the segmentation objective.
On the DAVIS 2016 dataset, biased towards static samples, decoder queries prioritize static in-

formation over dynamics in encoder features. Conversely, the MoCA dataset, which is biased
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towards dynamic samples, enables the decoder to extract queries emphasizing dynamic factors
from encoded features. On the other hand, the unit-wise results in Figure 5.3 show an increase
in dynamic units in the decoder for the multiscale MED-VT architecture compared to the
single-scale baseline for both datasets, with a more pronounced impact on the MoCA dataset.
These findings also support extending the experiment to use the stylized MoCA dataset for
comparing static vs. dynamic bias instead of just the stylized DAVIS 2016 dataset: It is prefer-
able to interpret a model property using a dataset that inherently contains the specific factor
of interest. Overall, these results support that the decoder can capitalize on the information

provided by the encoder in a dataset dependent fashion.

Qualitative analysis. Figure 5.6 shows the object attention generated by attention blocks,
AP per head. We observe that some attention heads learn to focus on various object as-
pects, including the object extremities. However, most attention heads generate well-localized
saliency maps for the primary objects in the video. Indeed, the majority of attention heads
in the examples yield activation for the primary object despite camouflage (e.g., Hy, Hs, H3,
Hy, Hs, H;). In complement, however, Hg and especially Hg capture the background. These
results offer insight into the nature of attention generated through decoder queries, a level of

detail not previously presented in work on transformer decoders.

5.2.4 Label propagation

Quantitative analysis. Figure 5.7 shows label propagation ROC analysis comparing origi-
nal input to three alternative scenarios: appearance perturbed, motion perturbed and random
guess. On the DAVIS 2016 dataset, there is a noticeable performance drop from original in-
put to both appearance and motion perturbed inputs. The performance drop shows a similar
pattern on the MoCA dataset; however, the change is less notable. The explanation for this
difference might be due to the fact that success on camouflaged MoCA depends on motion
information, which inherently involves temporal coherence; so, there is less room for label
propagation to contribute. In contrast, for DAVIS 2016, where motion is a less important cue,
as that dataset is static biased [112], label propagation can play a greater role in enforcing
temporal coherence. Overall, both perturbations decrease performance in both datasets, with
the effect most pronounced for dynamic perturbation. These results support that MED-VT

can exploit dynamics for temporally consistent predictions through label propagation.
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Figure 5.7: Receiver Operating Characteristic (ROC) Curve for the Label Propagator Encod-
ing Comparing Three Scenarios. These are: i) original input images, ii) appearance perturbed
input clip and iii) motion perturbed input clip. Left: ROC curve on DAVIS 2016; Right: ROC
curve on MoCA. The results indicate performance drop for both appearance and motion per-
turbation, with higher impact of motion perturbation. The result is more noticeable in DAVIS
2016 dataset.

Qualitative analysis. Figure 5.8 visualizes label propagation. Both rows (frames) pro-
vide examples where label propagation recovers missing parts of the target object, with a more
pronounced improvement in the second row. The example in the second row shows a large
part of the fish with false negative labels in the task head logits; however, the label propa-
gator associates information from surrounding frames to fill in the missing parts. The initial
prediction from the task head considers the latent representation of each pixel independently,
thereby limiting the ability to associate the object with the pixels of neighbouring frames.
Label propagation associates the labels estimated in neighbouring frames to correct initially

false negative labels.

5.3 Summary

Due to its reliance on deep-learning, the technical specification of MED-VT, given in Chap-
ter 3 yields little insight on the internal representations that the model maintains in operation.
To address that limitation, this chapter has provided an extensive interpretability analysis us-
ing both quantitative and qualitative methods. These investigations have shown that MED-
VT’s multiscale representations capture dynamic information without use of optical flow, even

while also maintaining useful static information. The model also has been shown to represent
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Figure 5.8: Activations (first principle component) at Different Stages of Label Propagation
as Heatmaps. LP stands for Label Propagator. Top and bottom rows show two frames of a
camouflaged fish. Left-to-right: Image, bounding box ground-truth, task-head logits, mask-
encoding, propagator mask encoding and label propagator logits. Both rows show label prop-
agation correcting errors in a given frame (e.g., missing parts), with second row providing

stronger illustration.

and integrate object and scene information across scales. Moreover, label propagation has
been shown to capitalize on across frame temporal structure to yield temporally consistent

segmentations.
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Chapter 6

Conclusions

6.1 Summary and overall discussion

This dissertation has presented an end-to-end trainable and unified multiscale encoder-decoder
transformer. The model is targeted as a general multiscale architecture for advancing the abil-
ity of deep learning models on dense video estimation. Toward this goal, it is designed and
developed for video segmentation in both unimodal and multimodal settings. Dense video
estimation tasks aim at pixel-level inference from input video clips. Video segmentation, e.g.,
delineation of objects, motions, actions and other scene components, is one of the fundamental
dense video estimation tasks. These particular tasks continue to be a subject of great inter-
est due to both theoretical importance (e.g., delineation of visually distinct components) as
well as practical importance (e.g., applications to autonomous driving and video editing). We
have investigated this area by exploring unified multiscale processing throughout the process-
ing pipeline of feature encoding, context encoding and object decoding in an encoder-decoder
model. In particular, we presented a Multiscale Encoder-Decoder Video Transformer (MED-
VT) that uses multiscale representation throughout and employs an optional input beyond

video (e.g., audio), when available, for multimodal processing (MED-VT++).

A broad overview of video transformers, multiscale processing and interpretability anal-
ysis in the context of video segmentation were introduced in Chapter 1. Next, a detailed
discussion of different categories of video segmentation, transformer-based-architectures, in-

terpretabiliy of such models and state-of-the-art approaches for video segmentation were dis-
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cussed in Chapter 2. A component-wise description of the developed unified model, MED-
VT/MED-VT++, for tackling these video segmentation tasks was provided in Chapter 3. Em-
pirical evaluation with quantitative and qualitative results of MED-VT/MED-VT++ on three
unimodal video segmentation tasks and a multimodal segmentation task (Automatic Video
Object Segmentation (AVOS), actor-action segmentation, Video Semantic Segmentation (VSS)
and Audio Visual Segmentation (AVS)) was presented in Chapter 4. A detailed interpretabil-
ity study, encompassing both quantitative and qualitative analyses to document details of the
model’s internal learned representations was presented in Chapter 5. Overall, emphasizing
multiscale processing, interpretability and application across multiple video segmentation
tasks, this research aimed to provide insights not only into these particular tasks and mod-

els, but also more broadly into the field of computer vision and Artificial Intelligence (AI).

In more detail, the key contributions of this dissertation are as follows.

1. We presented a novel Multiscale Encoder-Decoder Video Transformer (MED-VT). MED-
VT is the first video transformer to unify multiscale encoding and decoding. This de-
sign is motivated by the fact that object and other scene components appear in images
across a range of scales. Multiscale encoding yields rich and temporally consistent spa-
tiotemporal features derived from only RGB input (i.e., without optical flow or object

proposals). Multiscale decoding yields semantically informed, precise localization.

2. We explored temporal consistency across time and presented a transductive learning
scheme through many-to-many label propagation to provide temporally consistent video
estimates. The label propagation provides structured estimation beyond the task head’s
pixel-level classification by enforcing consistency across all frames in a clip through
information sharing among different frames. This approach has been shown to handle
complex situations in unimodal video segmentation tasks where an object may be par-
tially obscured, out of sight, or where certain parts are inactive in the feature map due

to various factors in some frames, yet are well activated in neighboring frames.

3. Furthermore, we used a seamless attention based integration of the audio modality,
when available, to apply MED-VT to audio visual segmentation without requiring a
specialized multimodal architecture. This extension, MED-VT++, uses optional mod-
ules at the encoder and decoder to integrate multimodal features without relying on any

domain-specific hand-crafted engineering. While we have focused on integration of au-
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dio with video, it is important to note that our approach to integrating this signal is not

limited solely to the realm of audio and others, such as text, could be considered.

4. We demonstrated the wide applicability of the developed architecture through empiri-
cal evaluation on four video segmentation tasks: Automatic Video Object Segmentation
(AVOS), actor-action segmentation, Video Semantic Segmentation (VSS), and Audio
Visual Segmentation (AVS). All these tasks are significant from an applications point of
view, serving as enablers for many subsequent visually-guided operations, such as au-
tonomous driving and augmented reality. MED-VT and MED-VT++ addressed numer-
ous challenges of these tasks and were shown to yield excellent performance compared
to previous state-of-the-art approaches in Chapter 4. The multiscale mechanism and
label propagation is evidently found to be successful in addressing common challenges

of video segmentation as well as task specific challenges.

5. We presented an extensive interpretability analysis, both quantitative and qualitative,
highlighting the importance of multiscale integration in temporally consistent and ro-
bust video segmentation. To understand what has been learned by the multiscale en-
coder, decoder and label propagator, our interpretability study began with a quantitative
analysis of the model’s ability to represent static vs. dynamic information across layers
as well as individual units. To gain further insights, we followed with qualitative vi-
sualizations of the model’s generated feature maps at different stages of the processing
pipeline. The resulting solid understanding of the representations learned by the model
help decode the black-box of our model and contribute to advancing the understanding

of deep learning models of computer vision.

6.2 Societal impact

Unified architectures for video segmentation tasks, e.g., automatic video object segmentation,
actor-action segmentation, semantic segmentation and audio visual segmentation, can have

multiple positive societal impacts as they can be used for a variety of useful applications.

* Automatic video object segmentation, actor-action segmentation and semantic segmen-

tation can be used for a variety of autonomous systems, e.g., autonomous driving
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and robot navigation. The class agnostic segmentation of moving objects and actors
in autonomous driving can encourage safety critical decision making and reduce acci-
dents from unknown objects outside the closed set of classes predefined in large-scale
datasets. Their use in robot navigation also can serve a wide variety of impactful appli-

cations, e.g., human-robot interaction.

By integrating various segmentation tasks into a unified architecture, general surveil-
lance systems can be built for enhanced safety and security. In particular, these sys-
tems can be used to better detect and track objects in environments with stringent safety
requirements, e.g., automatically inspecting Personal Protective Equipment (PPE) use
by workers and detecting environmental safety hazards at construction sites. In com-
plement, actor-action segmentation can be used to identify malicious actions and cor-
responding actors in environments where security is important, e.g., airports. These
applications enhance social safety and security by enabling automated and timely iden-

tification of potential emergencies, unsafe actions, suspicious actions or intruders.

Video segmentaion can help improving health and elder care. Remote monitoring
of patients and elderly people is possible by using video actor-action segmentation to
detect alarming incidents, e.g., fall detection. Also, using semantic masks for stor-
age and transmission will provide more privacy to individuals. In complement, video
segmentation applied to medical imaging can assist healthcare professionals in diagnos-
ing diseases, monitoring patient conditions and providing personalized treatment plans,

thereby improving healthcare outcomes and reducing medical errors.

Unified video segmentation architectures support applications in environmental mon-
itoring and conservation efforts. For instance, by segmenting video data captured by
drones or surveillance cameras in natural habitats, researchers can track and analyze
wildlife behavior as well as monitor changes in ecosystems. One particular example
is the performance of the proposed MED-VT model in segmenting naturally camou-
flaged animals. The empirical evalutions in this dissertation suggests that these models
can be used in very challenging natural scenarios, even those containing camouflaged
animals. This information helps inform conservation strategies and contributes to the

preservation of biodiversity and natural resources.

Unified video segmentation architectures can empower content creators and media

professionals to produce more engaging and immersive experiences across various plat-
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forms, including film, television, gaming and virtual reality. By accurately segmenting
video content into objects, actions and semantic categories, these systems, enable the
creation of interactive narratives, personalized recommendations and augmented reality

experiences, thereby enriching entertainment offerings and enhancing user engagement.

Overall, the integration of multiple video segmentation tasks within a unified architecture
not only improves the efficiency and effectiveness of video analysis systems but also fosters
innovation and positive societal impacts across diverse domains. However, as with many Al

abilities, video segmentation also can have negative societal impacts as follows.

* Video segmentation serves as a pivotal tool for automated target detection within mil-
itary systems, enabling various technologies such as object-based, actor-action-based,
or semantic-based target detection. These techniques allow for precise identification
and tracking of potential threats or objectives in video footage, enabling swift and in-
formed decision-making processes. Moreover, the integration of audio visual sound
source segmentation proves invaluable in military applications, particularly in detect-
ing sound-emitting targets, regardless of their semantic categorization. This approach
empowers military personnel to pinpoint and assess potential threats solely based on
auditory cues, enhancing situational awareness and bolstering overall operational ef-
fectiveness. To some extent, movements are emerging to limit such applications, e.g.,
pledges on the part of researchers to ban use of artificial intelligence in weaponry sys-

tems.

* Video segmentation, whether unimodal or multimodal, presents a double-edged sword
as it not only enables legitimate applications, e,g., object removal for photo personaliza-
tion, but also facilitates the falsification of video documents, particularly in the era of
social media. Advances in unified architectures for precise video segmentation amplify
the risk of misinformation dissemination by individuals seeking to deceive, undermin-
ing trust in video surveillance systems and potentially falsifying evidence. The technol-
ogy’s misuse extends beyond social media, impacting legal proceedings and investiga-
tions. Consequently, urgent measures are needed to develop authentication mechanisms
and raise awareness to mitigate the proliferation of manipulated visual content and pre-

serve its integrity.
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* The interpretability analysis of MED-VT presented herein employs a post-hoc approach
suitable for enhancing model understanding and diagnostic capabilities. However, the
inherent explainability of video segmentation models in general remains elusive. This
absence of an inherent explanatory component, supplementary to primary outputs, ob-
structs users’ ability to comprehend the circumstances and methodologies underlying
potential errors in model predictions. Consequently, deploying such models in safety-
critical systems, such as autonomous driving, poses a significant challenge. Without
clear insights into the model’s decision-making processes, stakeholders face height-
ened risks and uncertainties regarding system reliability and safety. Therefore, urgent
research efforts should focus not only on interpretability but also on enhancing the ex-
plainability of such models. Furthermore, there is a pressing need for models that are

equipped with explainable inferences for real world safety-critical applications.

6.3 Future work

In this final section, several directions for future work are suggested.

Universal video segmentation model. There have been recent efforts focused on design-
ing universal segmentation models capable of handling multiple segmentation tasks within
a single model using a Multi-Task Learning (MTL) approach [26, 27, , ]. In deep
learning, MTL aims to create a single network for multiple tasks, improving generalization,
reducing latency and sharing information. The recent advances in artificial intelligence using
transformer-based models have led to increased interest in unified modeling approaches [88,

, , ]. In particular, some video segmentation models have been proposed to com-
bine multiple segmentation tasks, such as semantic segmentation, instance segmentation and
panoptic segmentation [103, 5]. MED-VT/MED-VT++ presents a unified general encoder-
decoder architecture for unimodal video object segmentation, action-action segmentation, se-
mantic segmentation and multimodal audio visual segmentation. Future work can focus on
furthering the generality of MED-VT/ MED-VT++, e.g., via extensions to instance and text

referring segmentation, as well as the other tasks overviewed in Chapter 2.

Temporal modeling in videos. Despite the performance gains of recent approaches on

current benchmarks in various video understanding tasks, e.g., action recognition [254, ,
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] and video segmentation [103, , , 96], interpretability experiments reveal their
limited ability in capturing temporal dynamics [200, 112, 85]. Conversely, the interpretability
analysis of MED-VT reveal the improvement in modeling temporal dynamics compared to
the baseline; however, there is still much room for further improvement. The path toward
advancing the abilities of deep learning models may include curating better video datasets with
more inclusive motion characteristics, designing training strategies emphasizing motion (e.g.,
training clip sampling with varying temporal strides and temporal consistency loss) as well
as improved model design. Such advances have potential to achieve superior performance in
video segmentation in challenging dynamic scenarios. From this point of view, future research

on harnessing temporal information in video transformers is of paramount importance.

Better multiscale modeling for segmentation. The requirement of fine localization in
video segmentation has motivated approaches for aggregating features from multiple reso-
lutions during encoding [96] and learning object attributes from multiscale features during
decoding [37, 35]. However, these methods show limitation in their multiscale modeling in

both the encoder and decoder. First, the majority of the methods use attention guided multi-

scale feature encoding separately at individual scales [54, , 37, 35], with only a few efforts
using attention across scales [31, 96]. Second, multiscale feature generation with top down
semantic propagation is limited to different variants of FPNs [133, , , 62, 1. A

few recent efforts explored using attention-based approaches for top down semantic propaga-
tion [298] and multiscale decoding [96, 37, 35]. These efforts on specific categories of video
segmentation (including those of MED-VT) indicate potential of attention-based approaches
for multiscale feature aggregation. Further research is required to consider their generalization

across a broader range of segmentation tasks.

Interpretability of spatiotemporal modeling. Current analytic methods to evaluate the
temporal modeling ability of video transformers are mainly limited to evaluating models on
curated or synthetic datasets [200, 85, ]. Again, the majority of interpretability meth-
ods for transformer models are focused on image classification plus modest work on video
action recognition, which leaves video segmentation significantly under explored. Visualiza-
tion based interpretability of video segmentation transformers is very subjective and does not
provide quantitative understanding. Lack of research for transformer interpretability with a
focus on video segmentation is a notable constraint on the development of video segmentation

models capable of generalisation over a wide range of scenarios. Improved interpretability of
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algorithms and representations is necessary to truly understand the role of attention on dense
video understanding tasks and their enabling mechanisms. From this perspective, there is
a demand for further research on video transformer interpretability methods equipped with
statistical tools focused on segmentation tasks. Such developments should shed further light
into MED-VT/MED-VT++, as well as other contemporary models. Even as it stands, the in-
terpretabilty tools employed in Chapter 5 to the core MED-VT model also could be applied

to MED-VT++ to shed light on the nature of the multimodal representations that it maintains.

Scalable and efficient video transformers. Previous research toward scalable and effi-
cient video transformers primarily uses various heuristics, e.g., attention locality and separa-
bility. Such methods proposed to improve transformer efficiency using sparse attention [51],
axially separable attention [12] or dynamic sampled attention [298]. Currently, interpretabil-
ity analysis in natural language processing has improved efficiency by pruning some attention
heads. Interpretability-aware redundancy reduction of vision transformers also has been pro-
posed that dynamically drops selected input tokens for computational efficiency [170]. Such
interpretability driven scalable and efficiency improvement is an under explored area and can
contribute to the computer vision community. With respect to MED-VT, heavy memory con-

sumption (Section 4.7) motivates future work aimed to ameliorate this shortcoming.

Self-explainable video transformers. The growing interest in explainable Al due to so-
cial and regulatory reasons has lead to research interest in inherently interpretable vision trans-
former models [45, ]. These concerns only add to the fundamental scientific motivation
of understanding the details of model operations. This dissertation presented an extensive
interpretability analysis, both quantitative and qualitative, for a componentwise understand-
ing of the presented video segmentation model. This analysis is quite useful for diagnostic
purposes. The potential next step could be designing a self-explainable video segmentation
model that additionally outputs an explanation of the primary output. Currently, there is very
limited research on self-explainable models, with a narrow focus on image classification, e.g.,
concept transformers [191] and B-cos transformers [14]. Hence, self-explainable models for

video segmentation are worth further investigation.
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Appendix A

Loss functions

In Chapter 4 several loss functions were mentioned in conjuction with training details for the
various tasks to which MED-VT/MED-VT++ was applied. To focus on our original contribu-
tions, these standard functions were not defined formally in that chapter. Here, for the sake of

completeness we provide the formal definitions.

To present formal definition of the loss functions, let 7 = (z,y,t) index spatiotemporal
position, while Y () and Y (7) are binary groundtruth and our predicted foreground proba-

bility masks, resp. The definition of the individual loss functions are as follows.

Cross-entropy loss. The pixelwise binary cross-entropy loss [278] is defined as

LoeelYV,Y) = 72 3 —log (3(Y (), V(7)) ). (A1)
with

Y (7) if Y(r) =1

~

1 —Y(m) otherwise,

where 11 is the spatiotemporal support of Y and Y, ie., mell
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Focal loss. The distribution-based focal loss [134] is defined as

N 1 ~ ol ~
ﬁmﬂYﬂQ::Eﬂz;—a<1—60%wLY@0» bg@ﬁ%ﬁﬁYw»» (A.2)
with

Y (7) if Y(r) =1

~

1 —Y(m) otherwise,

where II is the spatiotemporal support of Y and Y,ie., 7 € IL. The focal loss, equation A.2,
is a modified cross-entropy that places more emphasis on hard examples by means of a mod-

ulating factor, 1 — 0(Y, }A/)’Y, and a balancing factor . Following [134], we use o« = 0.25 and

v =2.

Dice loss. The region-based Dice loss [159] is defined as

S 2xY(m) xY(r)+1

»Cdice(Ya }A/) =1- el = .
Y(m)+ > Y(m)+1
well

mell

(A.3)

The Dice loss, equation A.3, is adapted from the Dice coeflicient and used for tasks where
region similarity serves as the performance metric [209], specialized here for the two class

case.

Kullback-Leibler (KL) divergence loss. The Kullback-Leibler (KL) divergence loss be-
tween two modalities of features [293], e.g., visual features, Z(z,y,t), and audio features,
A(t), is defined as

Ekld(f/(x,y,t),Z(x,y,t),A(t)):ZKL<(’X1.Y| Z Z(a:,y7t)-}7(a:,y,t)>,A(t)),

teT zeX,yeY
(A4)

where X and Y are spatial width and height, respectively, and KL is the Kullback-Leibler
divergence. The average over the spatial area ensures that the masked visual features are

mapped to the shape of the audio features which has only temporal dimension.
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