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Abstract

In the rapidly expanding digital landscape, the ability to extract meaningful insights from
vast quantities of video content is transformative. However, many organisations face a critical
challenge: they lack the substantial computational resources and the time-intensive annotation
processes required to leverage advanced video analysis technologies fully. This thesis addresses
this gap by introducing several resource-efficient deep learning strategies tailored for multimodal
video understanding applications. The presented methodologies focus on leveraging pre-trained
foundational neural networks for multimodal feature extraction, fusion, and spatiotemporal
understanding.

First, we present a method for fusing multimodal features from video for enhanced style and
semantic clustering with weakly labelled video data. By tapping into the capabilities of pre-
trained foundational models, we develop a method that captures intricate contextual cues within
multimodal video data for improved semantic video recommendation and retrieval applications.

Advancing the challenge of long video understanding, we present an innovative architecture
that utilises pre-trained encoders to extract spatiotemporal features at various resolutions. This
approach achieves state-of-the-art performance in tasks requiring fine-grained temporal analy-
sis, such as speaker recognition and character identification while maintaining computational
efficiency.

We continue with a novel approach to audio-visual fusion for temporal action localisation by
introducing a gated cross-attention mechanism, which effectively integrates audio and visual
features for activity recognition and localisation applications. This results in a low-parameter
solution that optimises data utility while improving performance over uni-modal approaches.

The final contribution of this thesis is developing a technique for aligning text prompts with
visual features using prompt learning and optimal transport. This strategy significantly reduces
training overhead and improves generalisation by leveraging pre-trained visual-language features
and optimising only a few learnable parameters. This enables precise action localisation and
discrimination between foreground and background elements using only a few labelled samples
per class.

Collectively, these contributions improve access to advanced video analytical tools, making
them more accessible to a broader audience, including those constrained by computational
and financial limitations. This work advances the technical boundaries of video analysis and
democratises its applications, fostering innovation across various fields.
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Introduced in Chapter 3

σ Sigmoid function.

◦ Element-wise (Hadamard) product.
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c A sample from clips constituting T number of frames forming a

clip.
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Introduced in Chapter 4
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x̂ Spatial embedding token.

Q Query matrix.

K Key matrix.

V Value matrix.

Norm Normalisation function.

λ Hyper-parameter to scale the influence of the temporal network.

Introduced in Chapter 5

Y Set of ground truth action instances in the input video V.

n Total number of action instances in a given video.

C Total number of predefined action categories.

si Starting time of the action instance.

ei Ending time of the action instance.

ai Action category or label.

c Total number of predefined action categories.

yi Action instance defined by its start time, end time, and action cate-

gory from set Y.

X Visual feature set.
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d̂l
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and ground truth.

Introduced in Chapter 6

Pk Set of learnable prompts for action category k ∈ Y.

fclip(·) Encoding function from a pre-trained CLIP model.

u Distribution of video features.

vk Distribution of prompts for action category k.
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C Cost matrix for optimal transport.

J Transport plan matrix.

e Entropy term for regularisation.
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Chapter 1

Introduction

Human perception involves combining multiple sensory inputs to construct a dynamic under-

standing of our surrounding environment. Each modality—vision, hearing, touch, smell, and

taste—contributes uniquely, allowing us to navigate and interact with the world effectively. This

sensory processing is multimodal and inherently temporal, enabling us to perceive motion and

temporal patterns essential for routine and complex activities, such as driving or participating in

sports.

Our cognitive abilities extend to managing temporal invariances, ensuring consistent perception

of entities across diverse sensory changes. This capability recognises objects and scenarios

despite fluctuations over time, providing continuity in our perception despite a changing envi-

ronment. Moreover, our brains demonstrate remarkable adaptability, enhancing specific sensory

capabilities when others are diminished [185].

This complex combination of adaptive multimodal and temporal processing is crucial for under-

standing and learning from multi-media, especially videos. This medium inherently combines

various modes of information, including visual scenes, spoken words, and background sounds.

In machine learning, replicating this human-like understanding in systems is known as ‘video

understanding’. This task goes beyond interpreting static images to include analysing sequences

of frames and integrating multiple data types to derive specific information from videos.

Achieving multimodal video understanding is challenging. Integrating various data types requires

sophisticated models that can effectively parse and combine information from disparate sources.

1
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For instance, accurately identifying the context of a scene in a video not only involves recognising

visual elements and interpreting dialogues but also correlating them with relevant actions and

settings. These tasks require advanced spatial and temporal data processing capabilities which

are often resource-intensive. For some organisations, limited computational power, data scarcity,

and lack of technical expertise limit the accessibility of deep learning approaches to improve

their video processing systems. Furthermore, deep-learning techniques are increasingly being

applied in broader research fields such as the digital humanities, where computational resources

are not as widely available but where video understanding has the potential to capture novel

insights and open new research directions.

In this thesis, we tackle these challenges by proposing innovative deep-learning techniques

that enhance the efficiency and accessibility of multimodal video understanding systems. Our

approaches are designed to minimise resource demands while maximising the utility and appli-

cability of video analysis technologies. By simplifying the requirements for advanced hardware

and specialised training, we aim to make cutting-edge video understanding tools more accessible

to a broader range of users, including those in resource-constrained environments. This is crucial

for enabling broader adoption and facilitating applications in the arts, healthcare, education, and

public safety sectors, where timely and accurate video analysis can have transformative impacts.

1.1 Applications

Some current applications which utilise deep learning approaches for video understanding

include:

Content Moderation: Automated systems are increasingly vital in filtering inappropriate con-

tent and ensuring user safety online. These systems detect harmful elements and analyse nuances

in video and audio to identify subtle cues that might indicate malicious intent or inappropriate

content. The integration of AI in this area helps to continually update and refine detection

algorithms to keep pace with evolving content strategies used by users to skirt conventional

detection methods. These methods include not only classification and detection [75] but also

the use of multimodal video understanding to extract text [22] and understand context [76].

Effective multimodal content understanding networks should be able to discern between several

modalities to identify inconsistencies, edited content, and malicious intent.
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Video recommendation and retrieval: Enhanced by deep learning, video recommendation

systems can analyse viewer behaviours and video content to personalise content delivery, thereby

enhancing viewer engagement. These systems utilise complex algorithms to understand content

granularly, including detecting themes, sentiment, and even the intent behind videos, enabling

more refined and relevant recommendations. As styles and genres can diverge substantially over

time, meta-data is becoming more unreliable for distinguishing between entertainment content.

Therefore, multimodal video understanding systems are needed to discern between cinematic

styles, while long-form temporal reasoning is essential for classifying narratives, characters, and

relationships.

Video Captioning and Summarization: This application is crucial in making content accessible

to a broader audience, including those with hearing or visual impairments. Advanced systems

can now generate precise captions and provide summaries that capture the essence of the content,

which can be invaluable for educational purposes, quick reviews, or accessibility. Automated

video description and captioning technologies could be enhanced with multimodal understanding

to increase the detail in the video description.

Editing and Creative Applications: Video understanding tools can improve the accessibility of

video editing and content creation tools. AI-driven tools in video editing can automatically cut,

merge, or modify video sequences, drastically reducing the time and effort required by human

editors. These tools leverage video understanding to interpret scenes and suggest or execute

edits that enhance the narrative or aesthetic appeal of the video. More recently, generative video

diffusion networks have shown remarkable potential to generate intricate and aesthetically

dynamic content via prompting. Temporal and multimodal understanding can be leveraged

to improve editing to perform automated style enhancement based on genre, perform audio

enhancement, and automatically summarise and edit content for film trailers or advertisements.

In the generative domain, multimodal understanding can be utilised more effectively in data

collection and sanitisation to ensure that the content used to train generative models includes

good audio-visual alignment.

Healthcare and Assistive Applications: Video understanding systems can assist healthcare

providers in assessing patient movement, diagnostics, and predicting falls or seizures [182].



4 Chapter 1. Introduction

Real-time video networks also have assistive applications such as sign-language translation,

where facial expressions and hand pose estimation must be combined over temporal regions.[29]

Robotics: Robotic systems benefit from video understanding to mimic human actions or improve

interaction with their environment. For example, robots can learn complex tasks by analysing

videos of humans performing them, using this data to refine their motion algorithms and

interaction strategies in functions ranging from industrial assembly to personal care. Long-term

temporal modelling and multimodality are essential for learning detailed tasks from videos,

which involve tracking multiple objects over time and with high temporal variance.

1.2 Challenges

In the domain of video understanding, two critical challenges are long-term temporal under-

standing and multimodal fusion.

1.2.1 Temporal Understanding

In video understanding, temporal modelling deals with the challenge of effectively analysing the

sequence and timing of events within video data. This aspect is particularly complex due to the

high frame rates and long durations typical of video files, which produce vast amounts of data.

Consider a typical scenario where video is captured at 16 frames per second. A minute of video

would then accumulate 960 frames. Processing every single frame with high-dimensional data

analysis would be computationally prohibitive for most systems, especially at scale. To manage

this, an initial step often involves reducing the frame rate or compressing consecutive frames

into a more compact representation.

A popular method for this compression is the application of 3D Convolutional Neural Networks

(3D CNNs) [30], designed to capture the temporal patterns across frames while simultaneously

processing the spatial information. By applying a 3D CNN to blocks of 16 frames, we can

reduce these into a single, denser feature representation, significantly decreasing the amount of

data that needs to be processed.
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Once these features are extracted, a common technique includes temporal aggregation of the

features. This process is essential for synthesising time-based information into a coherent

analysis of what the video content represents over time. Methods like recurrent neural networks

(RNNs) [173] and extended short-term memory networks (LSTMs)[53] have traditionally been

used for this purpose because of their ability to handle sequences of data. More recently, attention

mechanisms and transformers have gained popularity for their ability to weigh the importance

of different segments of the video data without the constraints of sequential data processing

inherent to RNNs and LSTMs [72, 154, 88, 189, 213, 9].

An example application of this technology is temporal action localisation within videos [40, 258],

where the objective is to identify specific actions and their timings. For instance, detecting when

a person starts running in a sports analysis video involves recognising the change from stationary

to moving. Temporal modelling helps not only in pinpointing the start and end of the action but

also in understanding the progression and dynamics of the motion.

The primary challenge in temporal modelling is the trade-off between accuracy and computa-

tional efficiency. More detailed temporal analysis requires more data, which can slow down

processing and increase costs. A further challenge is temporal invariance, which involves identi-

fying actions in videos over various temporal speeds, directions, and contexts, impacting the

performance of automated systems in consistently recognising actions and events. Humans excel

at interpreting these variations naturally, for example, understanding whether a car is starting to

move or stopping regardless of how fast the video plays. Achieving this level of comprehension

in video understanding networks necessitates innovative computational approaches.

One such approach is the development of SlowFast networks, which handle videos at multiple

temporal resolutions to detect rapid and gradual actions effectively [62]. Similarly, Temporal

Segment Networks offer another method by segmenting videos into smaller parts, thereby

enhancing the model’s ability to capture essential temporal dynamics within each segment [213].

However, these can only handle short video segments and have only been applied to simple video

classification tasks. This work introduces several innovative methods to improve spatiotemporal

understanding over long video segments and improve temporal invariance using feature pyramid

networks [126] over multiple modalities.
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1.2.2 Multimodality and Data Heterogeneity

Videos include visual content, audio signals, and textual metadata, making their analysis complex.

Integrating these modalities requires innovative approaches to ensure systems can efficiently

understand and leverage all available information.

The primary challenge lies in synchronising and meaningfully integrating these modalities.

Each data type may require different pre-processing methods, feature extraction techniques,

and learning algorithms, which can complicate the architecture of machine learning models.

For example, merging audio cues with visual data can significantly enhance understanding of a

scene or an event but requires sophisticated alignment techniques to match audio segments with

corresponding visual frames accurately.

Moreover, heterogeneity in data also extends to variations in quality, resolution, and format,

which can affect the performance of the learning algorithms. For instance, low-resolution

videos offer less visual information for algorithms optimised for high-definition data, thereby

necessitating adaptive methods that can effectively handle a variety of data qualities.

Addressing these challenges involves developing robust multimodal fusion techniques. These

techniques can range from early fusion, where all modalities are combined at the data level,

to late fusion, where each modality is processed separately, and the results are projected at

the decision level. Hybrid approaches are shared, where features from different modalities are

concatenated or integrated at various processing stages.

The goal is to create a unified representation that encapsulates the strengths of each modality

while compensating for their weaknesses. Deep learning offers promising avenues for achieving

effective multimodal fusion with techniques that can learn to extract and combine relevant

features automatically, adapting to the importance of the data involved.

Throughout this work, we present several methods to improve multimodal extraction and fusion

in the context of specific applications relevant to video understanding tasks and real-world appli-

cations. These include multimodal spatiotemporal fusion, gated fusion over various temporal

resolutions, and collaborative gating.
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1.3 Problem Statements and Solutions

This thesis aims to innovate several machine learning methods to address these two core

challenges. We strive to exploit multimodal features via novel fusion strategies better to enhance

the fine-grained nature of video content in a computationally efficient and generalisable way to be

applied to long videos while improving performance over single-modality solutions. As we will

see, simply adding additional data modalities can harm both performance in terms of accuracy

and computational overhead. To benefit from this additional data requires application-specific

approaches and fusion methodologies. In this section, we propose four application-specific

problem statements under the critical challenges of efficient multimodal fusion and temporal

understanding and provide a brief overview of our solutions to these challenges, which will be

covered in the following chapters.

1.3.1 Multimodal Fine-Grained Semantic Content Retrieval and Clustering

Current video retrieval and categorisation methods depend heavily on metadata or simple visual

features like RGB data. These approaches typically do not capture the intricate stylistic nuances

of video content, making it challenging to accurately classify and differentiate between various

sub-genres and stylistic categories within broader genre labels. For example, what is classified

as ‘Action’ might include vastly different content in diverse cultural contexts, such as between

Los Angeles and Telengana viewers. Furthermore, in many sectors, generating specific labels for

data may not be possible due to cost, time, or volume. The core challenge here is to effectively

break down video content into discernible stylistic elements that reflect its true nature without

extensive labelling. Subsequently, these elements must be clustered to acknowledge their specific

cultural and contextual differences. This task requires developing sophisticated multimodal

fusion techniques that integrate and interpret diverse data types—beyond basic visual cues—to

achieve a more refined and contextually aware categorisation of video content.

Solution

In our approach, detailed in Chapter 3, we extract several modalities from video and design

a collaborative gating mechanism to identify the best method for fusing these features for a

prior goal of genre classification in a supervised setting with limited labels. We fine-tune the
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network in a self-supervised setting to identify sub-genres and stylistic variations within these

clusters. This constructs a fine-grained latent embedding space where genres are decomposed

into specific stylistic elements without additional labelling. We collect a diverse dataset of

film trailers covering 100 years of cinema to achieve this goal. Through this process, we can

construct a recommendation and retrieval system that uses all modalities in the temporal content

to generate more stylistic and fine-grained recommendations than metadata. Significantly, we

reduce the computational requirements of such a method by utilising pre-trained foundational

networks to obtain feature embeddings for each modality.

1.3.2 Efficient Temporal Processing of Long Videos

As highlighted in the introductory chapter, handling the temporal dimension of extensive video

data presents significant computational challenges. Although pre-extracting temporal features

from videos can yield computational benefits during online processing, the ability to model

extended temporal relationships inherently restricts the maximum length of video that can be

effectively analysed. Moreover, while these pre-extracted temporal features expedite processing,

they typically lack the descriptiveness of spatial RGB features, which are crucial for tasks

requiring fine-grained analysis such as object recognition or action localisation.

Additionally, it has been demonstrated that self-attention network architectures, such as Trans-

formers, often require extended training periods. This extended training time can be attributed to

their lack of inductive biases, which traditional convolutional neural networks naturally possess.

Inductive biases help guide the learning process, making the training more efficient. In the case

of Transformers, the absence of these biases means that the model must learn to identify relevant

features and their temporal relationships solely from the data or via a positional embedding,

which is more computationally demanding.

To address these challenges, more sophisticated methods for temporal feature extraction that

balance descriptive power and computational efficiency must be developed. Innovations could

include hybrid models that integrate the strengths of convolutional architectures and Transformer-

based models, leveraging the former’s local processing capabilities and the latter’s global context

awareness. This approach could reduce the computational overhead while retaining or enhancing

the ability to capture complex temporal dynamics in video sequences.
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Solution

We introduce a simple and efficient temporal fusion mechanism in Chapter 4 that exploits

inductive bias from a fine-tuned RGB CNN and fuses short snippets of pre-trained temporal

CNN features. Adaptive fusion via a transformer network allows the network to use RGB

features for more specific spatial features while gaining long-term reasoning ability from the

temporal features. Combining convolution with the transformer for temporal modelling allows us

to exploit inductive bias for more efficient training while accommodating longer video sequences.

We demonstrate the network architecture’s effectiveness on several downstream applications,

such as speaker identification, relationship understanding, and scene understanding.

1.3.3 Audio-Visual Fusion

Audio information is vital in various video understanding tasks, offering unique insights not

present in visual data alone. While captioning and audio-description primarily utilise audio for

narrative content, action localisation demands a more fine-grained integration of audio-visual

features. Audio cues are essential for accurately identifying the timing of specific actions or for

identified activities occurring off-camera. However, audio content may also provide unhelpful

and distracting signals in the case of edited videos where audio is misaligned, replaced, or

actions in which audio markers are non-descriptive of the action taking place. This complex-

ity necessitates advanced modelling techniques that can discern and appropriately weigh the

relevance of audio signals in conjunction with visual data to enhance the accuracy of action

localisation.

Solution To further refine our approach to the computational and analytical challenges in

modelling temporal video data, our multi-resolution strategy introduced in Chapter 5 incorporates

a cross-attention gating mechanism that enhances the integration of audio-visual features. This

mechanism is deployed across multiple hierarchical layers within a feature pyramid network.

Each pyramid layer processes different audio and visual data resolutions, allowing the network to

focus on relevant features at each scale adaptively. The cross-attention gating mechanism serves

as a dynamic selector, pinpointing which audio cues are most pertinent to the visual data at every

temporal level. For instance, at finer resolutions where visual details are more pronounced, the

mechanism can identify and amplify pertinent audio features that correspond to visible actions,
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enhancing the accuracy of action localisation. This method enables audio to enhance video

understanding tasks without requiring audio-specific labels, reducing the annotation burden.

1.3.4 Prompting Video Models

Problem Statement: Being able to query and retrieve videos using natural language queries

opens a new avenue for future video editing, security, and health applications. Barriers to these

applications include the lack of well-annotated datasets and the computational inefficiencies of

training such systems. One approach is to leverage image-text models trained via contrastive

image-language pre-training and adapt them for video tasks. However, this has limited accuracy

on tasks such as temporal action localisation, where we must detect distinct boundaries in the

temporal domain. At the same time, the RGB features may be broadly similar over the whole

video segment. Refining these features via fine-tuning with limited data will inevitably lead to

overfitting models that cannot generalise to unseen tasks.

Solution

We introduce a novel method for few-shot temporal action localisation with learnable prompts

aligned using optimal transport. The idea is to fine-tune temporal prompts to introduce temporally

discriminative features in a few-shot setting. We leverage optimal transport as a prompt-video

alignment methodology to reduce overfitting and encourage generalisation of the features.

This reduces overfitting and ensures well-generalised prompts. The methodology introduces

a paradigm for few-shot prompt learning in temporal action localisation and outperforms all

current methods. Through this approach, we address critical barriers in video processing and

open up new possibilities for applications that require precise interaction with video content

through natural language.

1.4 Thesis Outline

We provide solutions to these challenges in the following chapters, organised as follows.

Chapter 2: We first introduce relevant literature to the problems described above. This in-

cludes an overview of existing works in multimodal fusion, efficient temporal modelling, video
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recognition, and retrieval, followed by specific works related to individual contributions. This

includes reviewing works on temporal action localisation, supervised and self-supervised video

classification, spatiotemporal fusion, and prompt learning.

Chapter 3: In Chapter 3, we introduce a novel method for fine-grained genre clustering with

multimodal collaborative gating. We demonstrate how to extract and combine relevant multi-

modal features from videos and introduce a coarse-to-fine self-supervised training method for

improving video retrieval and recommendation. This chapter also introduces our dataset MMX-

Trailer, and we demonstrate some real-world applications using the methodology, including a

semantic video-clustering tool and a video recommendation engine.

Chapter 4: The following chapter examines the problem of processing long videos with pre-

extracted temporal features. We show how to fine-tune a lightweight RGB CNN encoder with

temporal modelling via a two-stream slow-fast temporal transformer network. By fusing static

frames with temporal data, we improve downstream tasks such as speaker verification, character

relationship classification, and video retrieval on long videos using limited computational

resources.

Chapter 5: Chapter 5 presents a solution for audio-visual fusion for temporal action localisation.

We introduce a multi-resolution network which can improve temporal discrimination via gated

cross-attention. The resulting gating network learns to amplify audio segments that are useful

for the localisation objective while suppressing audio signals which are misaligned or irrelevant.

Chapter 6: In Chapter 6, we propose a lightweight prompt-learning method for multimodal

temporal action localisation and retrieval. To ensure computational efficiency and greater general-

isation capability in the network, we introduce optimal transport as a prompt-to-video alignment

mechanism and evaluate the approach in a challenging few-shot scenario. We outperform ex-

isting methods for few-shot temporal action localisation while reducing the complexity and

computational demand compared to existing methods.

Chapter 7: Chapter 7 concludes the research with a summary of the project’s contributions

and future directions for this research, including applications in generative media, content

moderation, and video retrieval.
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Chapter 2

Literature Review

In this chapter we provide a literature review covering some key historical works from the

development of the video understanding field. Following this historical overview we provide

a more detailed examination of recent works that are relevant to the challenges and solutions

outlined in the introduction.

2.1 Introduction to Video Understanding

Over the past thirty years, video understanding has evolved dramatically, progressing from

simple statistical models for recognizing actions to advanced deep learning techniques capable

of analyzing and generating videos using multiple types of data. Each new approach has

improved upon the limitations of earlier methods, creating a diverse and comprehensive field.

This chapter reviews the historical development of video understanding techniques, focusing on

the challenges faced by each generation and how newer methods addressed these challenges.

2.1.1 Early Statistical Methods for Video Understanding

One of the first models used for video understanding was the Hidden Markov Model (HMM).

HMMs are mathematical models that use probabilities to represent systems where the actual

state is not directly observable. Yamato et al. [235] used HMMs to recognize human actions

by modeling sequences over time. However, HMMs had significant drawbacks, such as fixed

13
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transition probabilities between states, making it difficult to capture the variability of real-world

actions. Additionally, their reliance on the Markov property, which assumes that future states

depend only on the current state, made it hard for HMMs to handle long-term dependencies.

Around the same time, Berndt and Clifford [18] introduced Dynamic Time Warping (DTW),

a method for aligning sequences that vary in time. DTW was useful for recognizing gestures

and analyzing motion because it could handle variations in speed and timing. However, DTW

was computationally intensive, especially for long video sequences, and it required an extra

classification step because it couldn’t distinguish between different actions on its own.

Similarly, Optical Flow, introduced by Lucas and Kanade [136], became a standard method for

extracting features for downstream processing via neural networks. Their method assumed that

small regions in the image would move consistently and used mathematical optimization to

find the motion parameters. Later improvements, such as the Horn-Schunck method [89] and

Farneback’s dense optical flow [60], increased the accuracy and reliability of motion estimation.

When combined with predictive architectures, these methods helped with tasks like tracking

objects and recognising actions. However, they still had challenges, such as assuming consistent

motion within small areas, which led to errors with fast movements or large shifts, and being

sensitive to noise and changes in lighting.

Gaussian Mixture Models (GMMs) provided another statistical approach, modeling data as a

combination of several Gaussian distributions. Reynolds and Rose [171] showed how GMMs

could be used for speaker identification, and Stauffer and Grimson [187] adapted GMMs for

video analysis. They introduced an adaptive GMM that could update itself over time, allowing

for real-time detection of moving objects against changing backgrounds, which was useful for

surveillance and traffic monitoring. However, GMMs had difficulties with non-Gaussian data

distributions and often needed many components to model complex backgrounds, resulting

in high computational costs. The algorithm used to find the parameters, called Expectation-

Maximization (EM), could be slow to converge, and GMMs were sensitive to their initial settings,

often leading to suboptimal results.

To overcome these limitations, Elgammal et al. [57] proposed using kernel density estimation to

better handle non-Gaussian data. Zivkovic and van der Heijden [269] further improved GMMs by
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introducing a method that dynamically determined the optimal number of components, making

the models more adaptable.

Kalman Filters became a robust solution for tracking objects by predicting and correcting their

positions based on previous estimates. These filters were recursive, meaning they continually

updated their predictions as new data came in, making them ideal for real-time tracking. Welch

and Bishop [221] provided a detailed introduction to Kalman Filters. Extensions like the

Extended Kalman Filter (EKF) [209] and the Unscented Kalman Filter (UKF) [104] improved

their robustness for non-linear systems. Despite these advancements, challenges remained, such

as the standard Kalman Filter’s assumption of linearity, which limited its effectiveness for

complex, non-linear systems, and its sensitivity to noise and initial estimates.

2.1.2 Machine Learning Advances in Video Understanding

As computational resources expanded, video classification began incorporating more sophisti-

cated machine learning techniques. Support Vector Machines (SVMs) offered robust classifi-

cation by handling non-linear data using kernel tricks [27]. However, SVMs faced challenges,

such as scalability issues due to computational expense when training on large datasets and

performance reliance on handcrafted features.

Feature-based methods marked a significant milestone in video classification. [118] introduced

Spatiotemporal Interest Points (STIPs), which captured significant variations in motion and

appearance over time. [211] advanced this by introducing Improved Dense Trajectories (iDT),

which tracked densely sampled feature points to better capture motion patterns.

Robust descriptors like 3D Scale-Invariant Feature Transform (SIFT-3D) [176], 3D Histogram

of Oriented Gradients (HOG3D) [116], and Motion Boundary Histograms [43] addressed the

complexities of three-dimensional video data. Comprehensive libraries like Action Bank [174]

broadened the scope of detectable actions in video by providing a large set of action detectors.

Novel descriptors like Cuboids [52] and 3D Speeded Up Robust Features (SURF) [224] used

intensity blocks and fast detection algorithms to improve feature extraction and matching in

complex video scenes.

Despite their advancements, feature-based approaches required careful feature selection and

extraction, and they had limited capability to model long-term temporal dependencies.
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2.1.3 Deep Learning Revolution in Video Understanding

The introduction of Convolutional Neural Networks (CNNs) to video analysis marked a paradigm

shift. [107] proposed a multi-stream CNN architecture to handle spatial and temporal features,

while [183] developed a two-stream network that processed spatial and temporal data separately.

However, CNNs were limited in their ability to model temporal relationships effectively.

[199] applied spatiotemporal convolutions through 3D Convolutional Networks (C3D) to capture

motion directly, addressing the limitations of traditional CNNs in temporal modeling. These 3D

convolutions offered significant improvements in capturing motion patterns, but the approach

still had room for improvement in handling complex temporal dependencies.

Recurrent Neural Networks (RNNs) and Long Short-Term Memory networks (LSTMs) enabled

sequence modeling in video understanding using CNN feature embeddings. [54] used LSTMs to

capture long-term temporal relationships. Despite their effectiveness, RNNs required sequential

data processing, limiting parallelization, while they performed poorly on very long sequences

due to vanishing gradients.

Originally developed for natural language processing tasks, transformers have been adapted

to video understanding, leveraging their self-attention mechanism to handle both spatial and

temporal data without the sequential processing limitations of RNNs. This allows for parallel

processing of sequences and better handling of long-range dependencies [205].

Transformer models like VideoBERT [188] and ViViT [10] utilise these capabilities in video

understanding. VideoBERT, for instance, adapts the BERT architecture to video by jointly

modelling visual content and corresponding textual descriptions through supervised and un-

supervised learning. This dual approach facilitates understanding complex video activities by

leveraging visual cues and contextual information from text [188].

ViViT further extends transformer applications by decomposing video into a space-time volume

and applying factorised self-attention, which processes spatial and temporal features separately.

This method allows for efficient video data handling, optimising computational resources while

maintaining high accuracy in tasks such as action recognition [10].

[20] presented TimeSformer, which effectively captured global temporal relationships with

self-attention. Optimized architectures like Video Swin Transformer [133] further improved
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these methods by introducing hierarchical structures, reducing computational load. However,

attention mechanisms are memory-intensive, especially for long video sequences, requiring

optimized attention architectures to minimize computational overhead.

These transformer-based models mark a significant shift in video analysis, moving from reliance

on CNNs and RNNs towards more flexible and powerful architectures capable of understanding

complex, multimodal data streams.

2.2 Current Approaches to Research Challenges

In this section, we provide a more thorough review of the literature surrounding the two chal-

lenges of multimodal fusion for video understanding, and spatio-temporal understanding for

long video.

2.2.1 Multimodal Fusion

Multimodal machine learning aims to build models to process and relate information from

multiple sensory modalities, including audio, visual, and textual data. The field has evolved

significantly, integrating various data types to enhance the richness and applicability of machine

learning applications.

Initially, approaches to multimodal learning focused on simple concatenation strategies to

combine features from different modalities. Notable early work included the use of Hidden

Markov Models (HMMs) to align and analyse time-series data from audio and video streams

for tasks like speech recognition [163]. Techniques like Canonical Correlation Analysis (CCA)

[90] were also employed to find meaningful correlations between audio and visual features,

improving the performance of systems in understanding speech and gestures.

As textual data was integrated, researchers began to explore the use of methods such as Latent

Dirichlet Allocation (LDA) [23] for topic modeling in conjunction with audio-visual data to

enhance content discovery and classification.

Deep Learning approaches to multimodal fusion can be broadly categorised into early fusion,

late fusion, and hybrid approaches, each offering unique benefits and suited for different types

of video analysis tasks.
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Early Fusion: In early fusion, also known as feature-level fusion, features from audio, video,

and text are combined before entering the learning model. This approach allows the model to

learn from the integrated features, making it effective for tasks where the interdependence of

modalities is strong. For example, early fusion has been employed in emotion recognition from

videos, where cues from facial expressions, voice tone, and spoken words are integrated at the

feature level to predict emotions accurately [16]. Other examples include early fusion of spatial

and temporal streams for action recognition [183] and the early fusion of audio, text, and visual

embeddings to retrieve relevant video clips from large databases effectively [141].

Late Fusion: Late fusion, or decision-level fusion, involves merging the outputs of separate

models for each modality at a later stage. This technique is beneficial when each modality

contains distinct information that can independently contribute to the final decision. In video

sentiment analysis, separate models might analyse visual elements, spoken content, and acoustic

features, with their results combined at the decision level to determine the overall sentiment

[159]. Late fusion techniques have significantly enhanced video understanding by integrating

outputs from separate models processing different modalities. One notable application involves

combining temporal and spatial features from separate convolutional neural networks to im-

prove large-scale video classification [107]. Another approach integrates modalities just before

decision-making to enhance video action recognition [226]. Late fusion is also employed to

recognise dynamic facial expressions in videos, blending outputs from multimodal setups [232],

and to enhance video event detection by merging visual and textual features [244]. In video

data sentiment analysis, this technique facilitates the combination of insights from video, audio,

and textual analyses [159], while another application uses it for cross-modal video retrieval by

combining textual and visual cues at the decision level [127]. Real-time video classification

benefits from late fusion by integrating audio and visual streams [37]. The technique also aids

in video-based person re-identification by merging outputs from multiple deep networks [105],

and in video captioning by aggregating results from models analysing audio, visual, and textual

data [87]. Furthermore, late fusion has been utilised to combine decision-level outputs from

distinct modality-specific models for multimodal sentiment analysis [248].

Hybrid Fusion: Hybrid fusion strategies effectively leverage the strengths of both early and late

fusion methods, optimising the integration of modalities for video understanding tasks. Hybrid

fusion allows for flexibility in handling various modalities at different stages of the processing
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pipeline, enhancing model performance and accuracy. For instance, in complex scenarios such

as video summarisation, features from audio, visual, and textual data are combined early to

capture comprehensive context, while decisions from these feature integrations are fused later

to refine summarisation results [156]. In the domain of surveillance, hybrid fusion methods

merge real-time video and audio data at an early stage, and later combine the outcomes with

metadata analysis for accurate threat detection [165]. For emotion recognition from videos,

hybrid approaches initially merge visual and auditory cues to capture expressive features, and

textual analysis is integrated at the decision level to enhance the interpretative accuracy [16]. In

automated content generation, such as video captioning, hybrid fusion is employed to preprocess

visual and audio inputs together while integrating text at a later stage to generate captions that are

both relevant and contextually rich [87]. Hybrid fusion is also instrumental in sports analytics,

where it combines player statistics, real-time video, and commentary analysis to offer enhanced

insights during live broadcasts [194].

2.2.2 Spatio-Temporal Modelling

As discussed, a key component of video classification, recognition, and retrieval networks

involves aggregating spatial and temporal features. Early video classification works focused

on non-temporal aggregation, which included clustering [99, 158, 142] or fusing [65] spatial

features obtained from convolutional neural networks [115, 207, 234]. Considering that a short

video will share a similar distribution of pixels over concurrent frames, these networks also

perform well for video classification and object detection tasks. Naturally, fusing these output

features using RNN’s [173, 12, 34, 227] such as an LSTM [53, 246] improves performance

by introducing temporal information. However, as discussed in [56], these model architectures

align position with steps in computational time, which is inefficient at longer sequence lengths

as memory constraints limit batching across sequences.

3D CNN’s

Later works explored extending convolution to video, inflating image CNN’s via a temporal

channel [61, 108, 100, 161, 201, 30] and using two stream convolutional networks to aggregate

spatial and temporal information introduced via optical flow [184], or from various sampling

and aggregation intervals [202, 157, 229]. 3D Convolutional Neural Networks (CNN’s) are
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highly effective at video classification, object detection, and action recognition tasks but are

computationally intensive to train [145, 79, 231]. For example, in [200] the authors process

just 16 frames at the cost of 40 GFLOPS per single pass, making the approach infeasible for

sequences longer than a few seconds. To address computational overhead in training convolu-

tional video networks, in [63] the authors present an efficient and high performance CNN for

video classification which utilises a fast and slow temporal sampling stream. The slow stream

can process higher resolution images and extract key spatial information over a few key frames,

while the fast stream maps low resolution frames to infer temporal information. This method is

highly effective at video and action classification on short 10 second clips at a low computational

cost.

Transformers

Transformers use self-attention to model dependencies between inputs and have recently been

shown to also work effectively for video classification tasks when implemented with temporal

positional information [189, 135, 86, 73, 21, 216]. Unlike convolutional methods, they lack

inductive bias and, as such, are not able to model finer detailed dependencies between pixel

regions without extended training or the injection of positional information. While this lack of

inductive bias enables transformers to achieve high levels of accuracy, it also comes at a cost to

training time and data efficiency [198]. These networks are only feasible to be trained on short

video snippets. Introducing inductive bias via convolution, shifting windows, and gaussian bias

to transformers has shown to be effective in the image domain [245, 78, 210, 236, 123], and

hybrid networks for video have also been proposed in [154, 47, 72], but only on short segments

of video.

2.3 Application Specific Review

In this section we outline approaches to solve the applied research challenges addressed in

chapters 3, 4, 5, and 6. We start by reviewing deep-learning methods applied to spatio-temporal

and multimodal video clustering, recommendation, and retrieval, followed by a review of works

in multimodal temporal action localisation.
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2.3.1 Multimodal Video Clustering, Recommendation, and Retrieval

As outlined in the applications section of the introduction, effective video clustering and rec-

comendation methods should model both long-term temporal relationships and multimodalities.

This is especially pertinent in movie retrieval and reccomendation applications, where meta-data

alone is not sufficient in providing a stylistic description of a videos content. In Chapter 3 we

introduce a method for the collaborative gating of multiple modalities for effective style cluster-

ing. Early approaches to this problem include extracting only low-level audiovisual descriptors

before late-fusion. Huang(H.Y.) et al. [94] used two features - scene transitions and lighting. In

contrast, Jain & Jadon [98] applied a simple neural network with low-level image and audio

features. Huang(Y.F.) & Wang [96] used the SAHS (Self Adaptive Harmony Search) algorithm

in selecting features for different movie genres learnt using a Support Vector Machine with

good results. Zhou et al. [262] predicted up to four genres with a BOVW clustering technique.

Musical scores have also shown to offer a useful mode for genre classification and retrieval

as in the work of Austin et al. [11] who predicted genre with spectral analysis using SVMs.

More recent work has utilised deep learning and convolutional neural networks for genre classi-

fication. Wehrmann & Barros [218, 219] used convolutions to learn the spatial and temporal

characteristic-based relationships of the entire movie trailer, studying both audio and video

features. Shambharkar et al. [178] introduced a new video feature and three new audio features,

which proved useful in classifying genre, combining a CNN with audio features to provide

promising results. While [179], employed 3D ConvNets to capture both the spatial and temporal

information in the trailer. The ‘interestingness’ of movies has also been predicted by audiovisual

features [17]. Additional features, including text and other metadata, have been combined using

simple pooling in more recent work by Bonilla [32] to analyse the complementary nature of

different modalities.

Self-supervised learning has also been implemented to improve the network’s stylistic dis-

criminatory ability in the absence of style-specific labels. Self-supervised learning involves

learning robust feature representations from unlabeled data by designing tasks that provide

pseudo-labels. These can be obtained from the temporal [64, 220, 140] and multimodal structure

of video [8, 117]. Methods exploiting the temporal consistency of video have predicted the

order of a sequence of frames [64] or the arrow of time [220]. Alternatively, the correspondence
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between multiple modalities has been exploited for self-supervision, particularly with audio and

RGB [8, 117, 155].

2.3.2 Temporal Action Localization

Methods in Temporal Action Localization (TAL) can be separated into single and two-stage

approaches. Where two-stage methods generate a large number of proposal segments, which

are then passed to a classification head [59, 26, 83, 125, 74, 256, 125, 124, 121, 36, 59, 130],

single-stage methods include the use of graph neural networks[14, 233, 249, 233] and more

recently, transformers [214, 33, 192]. Recent progress in single-stage TAL has shown improve-

ments in accuracy and efficiency over two-stage methods, combining both action proposal

and classification in a single forward pass. Works inspired by object detection [170, 129],

saliency detection [122], and hierarchical CNN’s [240, 122, 241] all combine proposal and

classification. Current SOTA methods in TAL utilise transformer-based [205] feature pyramid

networks (FPN’s) [250, 40, 223, 180], which combine multi-resolution transformer features

with classification and regression heads.

Audio-Visual Fusion

Audio-visual fusion via learned representations has been explored in several video retrieval and

classification tasks [58, 3, 228, 215, 151, 111, 110, 111] but audio-visual TAL has only been

implemented on audio-visual events in which the audio and visual events are closely aligned

[195, 13]. Concurrent works exploring audio-visual fusion in TAL have adopted two-stage late

fusion approaches. Recent works have also explored audio-visual cross-attention [166] but over

a single temporal resolution and without any gated fusion control.

Prompt Learning

Prompt learning is a methodology that introduces learnable context prompts to enhance general-

ization and robustness in various visual understanding tasks. Initially introduced in few-shot

image recognition by CoOP [264] and later expanded upon by CoCoOp [265], prompt learning

has demonstrated its efficacy in improving open-world visual understanding. This approach has

also found applications in action recognition [103] and video-to-text alignment [119], facilitat-

ing tasks such as video-question answering. While the adaptation of visual-language models
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for video has predominantly focused on video retrieval [49, 48, 68, 15], there have been very

few works exploring how to leverage VIL models for temporal action localization efficiently.

In [223], the authors use prompt learning for several video tasks, including temporal activity

localization, but in a fully supervised setting. Also, in [146, 147], the authors use learnable

prompts as part of a masked transformer network for classifying video region proposals.

Few Shot Learning

Considering that labelling or annotating videos is time-consuming, and not viable in a number

of real-time contexts, few-shot learning is a relevant training paradigm for video understanding,

during which one trains the network using just a limited number of labelled samples from each

class. In [238], the authors introduce few-shot action-class localization in time, where a few (or

at least one) positive labeled and several negative labeled videos steer the localization via an end-

to-end meta-learning strategy. The strategy uses sliding windows to swipe over the untrimmed

query video to generate fixed boundary proposals. In [230], the authors temporally localize

an action from a few positive and negative labeled videos. They adopt a regional proposal

network to produce proposals with flexible boundaries. In [149] and [223], the authors propose

the challenge of zero-shot temporal action localization. However, these methods use external

class scores from Untrimmed Net [212] for labeling proposals, so it is hard to evaluate their true

potential in few-shot cases. In [146], the authors introduce a few-shot prompt meta-learning

using additional multimodal learnable context prompts with a transformer architecture. However,

they train and evaluate on a narrow 5-way / 5-shot meta-learning strategy and also use score

fusion for the classification results.

2.4 Conclusion

In this chapter we have provided a comprehensive overview of the relevant literature in the

video-understanding field, tracing works from the early days of statistical machine learning to

recent advances in deep learning. We also introduced literature relevant to the specific chapters

which follow. In the next chapter we introduce our first contribution which tackles the issue of

multimodal fusion with weakly labelled data.
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Chapter 3

Rethinking Genre Classification with

Fine-Grained Semantic Experts

As discussed in the introduction, multimodal video understanding has the potential to enhance

existing video recommendation systems significantly. These systems typically rely on metadata

or script content, which often fail to capture the nuanced stylistic characteristics of media.

Traditionally, genre has been used as part of the meta-data to efficiently describe a film’s stylistic

content and provide a contextual framework for viewers. However, within Film Theory, the

genre is not considered a reliable descriptive label for several reasons.

Neale [153] highlights that genre labels need to be more comprehensive to encompass the

diversity of content within a movie and are often only relevant to the period in which they are

used. Altman [4] argues that genres are in a constant state of negotiation and change. This dy-

namism means that a stable set of semantic givens is continuously developed through syntactical

experimentation and in response to audience or cultural shifts. Consequently, thousands of films

may share identical genre labels but differ significantly in their inter-textual, multimodal, and

semantic content.

Furthermore, the interpretation of genres can vary widely across geographical contexts. For

instance, a Bollywood film might be categorised as a musical or romance. However, Bollywood

movies possess specific multimodal stylistic elements that distinguish them from musicals

produced in Hollywood. Creating additional labels for each sub-category of genres may be one

25
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solution, but this necessitates specialist annotators. Additionally, the amount of video content

may make this infeasible.

Recent machine learning-based genre classification studies have under-explored the semantic

variation between genre labels [5, 218, 262, 254, 96] and do not address this issue. Furthermore,

efforts have been made to avoid the issues that come with this poorly defined classification

problem. In [5], the authors show how using a broader range of distribution dates within the

movie dataset results in inferior classification when predicted using low-level visual features. We

also find that the movie genre classification dataset LMTD-9 [218] only features movies from

before 1980, which may be in response to the more fluid nature of genre representation in the

last thirty years. Lastly, we find that many genre classification papers have avoided multi-label

approaches [167, 96, 257], simplifying the complex relationships that exist between multiple

genres [137].

Therefore, we approach genre classification as a weakly labelled problem, seeking to find

similarities between the inter-textual content of movies within the genre space. To do so

efficiently, we exploit expert knowledge in the form of multimodal embeddings obtained from

foundation models as proposed in [132], including scene understanding, image content analysis,

motion style detection and audio. Using a contextually gated approach [143] enables us to

amplify modes that are more useful for multi-label genre classification and yields good results

for discreet genre labelling. Then inspired by [137, 153, 4], we continue to train the model

self-supervised, uniquely leveraging the similarity and differences of sub-sequences from within

the trailers to identify inter-textual similarities between the movies for clustering, retrieval, and

genre label improvement. This expands genre clusters by their semantic information, leading to

improved clustering and retrieval without the requirement of specialist or detailed annotations.

As in other works [167, 96, 257, 218, 179], we use movie trailers as a condensed representation

of the content of a movie. Since existing datasets feature a narrow range of genres and years,

we also created a new 37 million frame multi-label genre dataset with pre-processed expert

embeddings.
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3.1 Methodology

This section outlines our proposed methodology for coarse classification and finer-grained

clustering and retrieval. In Fig. 3.2, we present an overview of our approach. We extract

audio and visual features from the input video using four pre-trained multimodal experts. To

enable genre classification, a collaborative gating model [132, 143] learns to combine and

gate these features in a supervised manner. This training has the effect of learning the most

valuable combination of modes for each label. After we achieve high accuracy for multi-label

classification, we encourage the network to develop fine-grained semantic clusters through

self-supervised training. To achieve this, inspired by the approach of [38], we maximise the

cosine similarity between sub-sequences within the trailers embedding vectors obtained from

the same movie trailer (positive examples) while pushing negative sequence pairs further apart

in the feature space.

Given a set of videos V, each video is made up of a collection of sequences, S, so V =

{S1, S2, . . . ,Sn}. Each sequence is formed of t clips, giving S = {c1, c2, . . . , ct}. Ideally, the

feature embeddings for all clips should have high cosine similarity as they will have the same

class labels, while those from other videos with different labels should lie far apart. This work

aims to create a function Φ that can map a clip c from a video sequence S, where c ∈ S ∈ V to a

joint feature space that respects the difference between clips. To construct our function Φ, we

rely on several pre-trained single modality experts, {ψ1, ψ2, . . . , ψE}, with E experts and ψe is

the e’th expert.

While the Motion and Scene feature extractors output a single embedding for a short sequence

of frames, the Appearance and Audio features require aggregating in the temporal dimension.

For Appearance features, we first concatenate the embeddings, each representing a frame in the

clip and then use average pooling to obtain a single representation for the clip. For audio, we

implement NetVlad [7], a method inspired by the Vector of Locally Aggregated Descriptors

(VLAD) commonly used in image retrieval.

NetVLAD extends the traditional VLAD approach by introducing a learnable, differentiable

mechanism for aggregating variable-length sequences of features into a fixed-length descriptor.

In our audio processing pipeline, frame-level audio features are first extracted from the clip,

capturing the local acoustic characteristics over time. NetVLAD then assigns these features to a
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Figure 3.1: Self-supervised genre clustering via collaborative experts. (a) is a T-SNE plot
showing the output of the coarse genre encoder network. Here, trailers that share the same three
genres, ‘Biography’, ‘Drama’, and ‘History’, have a high cosine similarity and are well clustered,
as is the ‘Documentary’ genre. (b) illustrates the output of our fine-grained genre model, where
the model has separated the trailers, considering their multimodal content. In this example, the
movie ‘Darkest Hour’ is pushed further away from ‘Cleopatra’ and ‘Braveheart’ as they share
more similar semantic content with other large-scale historical action movies. In the second
example, the three ‘Documentary’ trailers are pushed apart with consideration to their ‘Music’
and ‘Adventure’ inter-textual signatures.

set of learnable cluster centres, which act as prototypical sound patterns. Unlike traditional hard

assignments, NetVLAD uses a soft assignment process, allowing each feature to contribute to

multiple clusters based on its similarity to them.

The aggregation process involves computing the residuals between the features and their assigned

cluster centres, effectively capturing the unique characteristics of the audio relative to these

learned patterns. These residuals are then summed across all time frames, resulting in a fixed-

length vector representing the entire audio clip. Finally, this vector is normalised to ensure

consistent representation across different clips.

3.1.1 Collaborative Gating Unit

A two-stage process is used to learn the optimum combination of the expert embeddings for

noise robustness: first, a single attention vector is defined for the e’th expert, and then, the expert

responses are modulated with the original data.

To create the e’th expert’s projection, we use the approach first proposed by [175, 141] for

answering virtual questions. The attention vector of an expert projection will consider the
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Figure 3.2: An overview of the approach. c is a clip extracted, and s is a sequence of 9 clips
constructed from the concatenation of each output from the Collaborative Gating Units. The
video sequences are concatenated and passed through the bottleneck MLP k(·), generating
the feature embedding vector. Further training for classification encourages this embedding to
capture coarse genre information. After training, the whole network is fine-tuned using the self-
supervised approach to encourage k(·) to highlight similar inter-textual information between
samples for fine-grained clustering. Dots here represent broad genres such as Action, Adventure
and Sci-Fi. The fine-grained network separates the individual genres, drawing similar films
together while retaining some of the broader genre information.
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potential relationships between all pairs associated with this expert, as defined in Eq. 3.1.

ψe(c) = h

(
f ̸=i∑
∀i
g
(
ψi(c), ψf (c)

))
(3.1)

This creates the projection between all expert embeddings i and the current expert embedding

f , where g(·) is used to infer the pairwise task relationships while h(·) maps the sum of all

pairwise relationships into a single attention vector, and c is the current clip. Both h(·) and g(·)

are defined as multi-layer perceptrons (MLPs) constructed of three layers. To modulate the result,

we take the attention vectorψe(c) and perform element-wise multiplication (Hadamard product)

with the initial expert embedding vectorψf (c) which results in a suppressed or amplified version

of the original expert embedding such that:

ψf (c) = ψe(c) ◦ σψf (v) (3.2)

Each expert embedding is then passed through a Gated Embedding Module (GEM) [144] before

being concatenated into a single fixed-length vector for the clip. We capture nine clip embeddings

before concatenating and passing through an MLP to obtain a sequence embedding. These

sequence representations are concatenated together before passing through a bottleneck layer,

which learns a compact embedding for the whole trailer.

3.1.2 Coarse Grained Genre Classification

The trailer embedding obtained from the collaborative gating unit can be trained with genre

labels to enable classification. Given that each trailer can have up to six genre labels, a Binary

Cross Entropy Logits Loss is minimised. First, the sequence embeddings x are summed over

a trailer and then projected via an MLP k(·) to produce a logits embedding. We then proceed

to minimise a Binary Cross Entropy Logits Loss until convergence. With this method, it is

also possible to perform genre classification on each sequence S by adjusting k(·) so that c

becomes the logit embedding rather than concatenating the whole sequence and performing the

further projection. While the gated encoder accuracy is degraded slightly by this technique (as

outlined later in the ablation studies, see Tbl. 4.4), it is possible to identify different subgenres
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at a sequence level. For example, one could locate specific ‘Adventure’ sequences in a movie

that only has the genre label ‘Action’. We demonstrate this in Fig 3.8 where individual scenes

are classified using the supervised approach.

In the results section later, we show how collaborative gating effectively improves the prediction

task of user-defined labels in a fully supervised manner. In Fig 3.1 we can observe how similar

genre labels are grouped following supervised learning, even if the style or content of the movie

varies. Next we demonstrate how we can use self-supervised training to expand these coarse

genre clusters into additional semantic and stylistic groups.

3.1.3 Fine Grained Semantic Genre Clustering

As discussed in the introduction, discrete genre labels are restrictive and only offer a broad repre-

sentation of the content of a video. We aim to find finer-grained semantic content by identifying

similarities in the videos’ sounds, locations, objects, and motion. To achieve this, we extend

the pre-trained coarse genre classification model with a self-supervised contrastive learning

strategy using a normalised temperature-scaled cross-entropy loss (NT-Xent) as proposed by

Chen [38], LNTX . In [38], image augmentations are used as comparative features to fine-tune

the embedding layer of their classification network. The goal is to encourage greater cosine

similarity between embeddings obtained from the same image while forcing the negative pairs

apart. We uniquely extend this method to video by splitting each movie trailer into two equal

lengths of sequences and using the embeddings of these sequences as the representation pairs x.

LNTX(x) = − log
exp(sim(m(xi),m(xp)/τ))∑2N

k ̸=j ⊮n̸=p exp(sim(m(xi),m(xn))/τ)
(3.3)

Here xi, xp, and xn are the feature representations, and m(·) represents a projection head

encoder formed from MLPs, τ > 0 is a temperature parameter set at 0.5 and sim is the cosine

similarity metric. xi and xp are two embedding vectors obtained from the same video described

above, while xn is an embedding vector from another video. Here, the LNTX loss will enforce

xi closer in cosine similarity to xp but further from xn. This process is illustrated in the overview

Fig. 3.2.
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Pairing each embedding vector from the video s with all other video embedding vectors will

maximise the number of negatives. As a result, for each video, we get 2× (N −1) negative pairs

— where N is the number of videos in the dataset. Therefore, in training, we have mini-batch

sequences, which comprise 2× (N − 1) sequences B = {b1, b2, . . . , b2×(N−1)}. The overall

contrastive loss is computed as shown in the equation below.

LCON (B) =

2×(N−1)∑
i=1

L(i) (3.4)

After training, the MLP projection headm(·) is removed, and we use the bottleneck layer of the

collaborative gating model as a pre-trained embedding projection network. The fine-tuning using

a contrastive loss encourages the bottleneck layer to retain some coarse genre information while

finding similar inter-textual elements in other trailers. This leads to a more diverse clustering of

samples, identifying sub-label information within the original label clusters.

3.2 MMX-Trailer Dataset

There are several datasets upon which previous works test. However, capturing the scale and

variability of a dataset is challenging, especially in terms of diversity of genre, size of the dataset

and year of distribution. Tbl. 3.1 shows the comparison in size and labelling between recent

works in genre classification.

Table 3.1: The details of other movie genre datasets. Our proposed dataset includes 3803
additional samples and introduces more diversity in terms of the number of genres and labels
per trailer.

Dataset
Video Source Number

Frames
Label Source Num. Genre/

Trailers Genres Trailer

Rasheed [167] Apple 101 - - 4 1
Huang [96] Apple 223 - IMDb 7 1
Zhou [257] IMDb+Apple 1239 4.5M IMDb 4 3
LMTD-9 [218] Apple 4000 12M IMDb 9 3
Moviescope [32] IMDb 5000 20M IMDb 13 3

MMX-Trailer-20 Apple+YT 8803 37M IMDb 20 6
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Figure 3.3: Examples of the diversity of trailers within the MMX-Trailer-20 dataset. (Zoom in
for detail)
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(a) Freq of genre in dataset

(b) Scene length

(c) Num of labels/trailer

(d) Year of distribution

Figure 3.4: MMX-Trailer-20 Dataset statistics (best viewed zoomed in).

As shown, most datasets are small, with limited numbers of genre labels in terms of variability

and the number assigned to a single trailer. Moviescope [32] is the closest to the proposed

dataset, with three genre labels and 5000 trailers. However, we increase the number of trailers

and labels per trailer while increasing the number of frames available by order of magnitude.

The collection totals 8803 movie trailers drawn from Apple Trailers and YouTube, comprising

37,866,450 individual video frames. The statistics of the dataset can be seen in Fig. 3.4; for

example, a wide range of genres exist, and each trailer is labelled with, on average, at least

three genres, while the year of the trailers is diverse from the 1930s to the present day. We

did not impose any constraints on the year of distribution during data collection, however, we

observed that a substantial portion of the data comes from the 21st century, particularly from

2010 onwards. This trend can be attributed to several factors.

First, film production volume has significantly increased in the last two decades, driven by

advancements in digital technology that have lowered the barriers to entry for filmmakers.

Additionally, the rise of streaming platforms and video-sharing services like YouTube has

revolutionised the way films are distributed and accessed, making it easier to find and collect
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more recent trailers. Older films, particularly those from before the digital era, are less likely to

have readily available trailers online, leading to a natural bias in our dataset toward more recent

years.

Furthermore, the increased availability and popularity of online platforms from 2010 onwards

have made it more convenient for both studios and independent filmmakers to distribute and

promote their films, resulting in a higher volume of content being produced and disseminated.

This shift has made recent trailers more accessible and easier to collect, further contributing to

our collection’s predominance of 21st-century data.

Every trailer is a compact encapsulation of the whole movie through a short 2 to 3-minute

video, and we can collect a weak proxy of genre classification by matching the trailer to its

user-generated entry on the website imdb.com. Users can select up to six genre labels for

each trailer on IMDb. The dataset has 20 genres - Action, Adventure, Animation, Comedy,

Crime, Documentary, Drama, Family, Fantasy, History, Horror, Music, Mystery, Science-Fiction,

Western, Sport, Short, Biography, Thriller and War. Qualitative examples illustrating the variety

of the dataset are shown in Fig.3.3.

3.2.1 Data Processing

The dataset is pre-processed, with scene detection performed using PyScene Detect [169],

extracting individual clips from each trailer. We remove the first and last frames to mitigate

poor scene detection. Audio is extracted as a mono 16bit Wav file at 16khz using FFmpeg. To

compute motion frames, we use Dual TV L1 Optical Flow as introduced in [247] and outlined

in the implementation of [191] before passing the optical flow images via the motion expert

encoder. Extracted frames are also passed to the scene and appearance encoders. We partitioned

the dataset into 6047 trailers for training, 754 for validation, and 754 for testing, totalling 7555

trailers. The number of trailers used for evaluation is 1248 less than the dataset as we exclude

trailers with less than ten clips. This is done to maintain constant batch sizes at a minimum

sequence size.

imdb.com
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3.2.2 Feature Extraction

To capture the rich content of the trailer, we draw on several powerful representations present

in movie trailers, Appearance, Audio, Scene and Motion. The Appearance feature is extracted

using a SENet154 model [91], pre-trained on ImageNet [50] for the task of image classification,

creating a 1 × 2048 embedding. The Scene feature is computed on a per frame basis from

a ResNet-18 model [80] pre-trained on the Places365 [261] dataset, returning a 1 × 1024

embedding. The Motion of the clip is encoded via the I3D inception model [30] and a 34-layer

R(2+1)D model [203] trained on the kinetics-600 dataset [30], producing a 1×1024 embedding.

The Audio embeddings are obtained with a VGG style model, trained for audio classification

on the YouTube-8m dataset [1] resulting in a 1 × 128 embedding. To aggregate the features

extracted on a frame-wise basis, we average frame-level features along the temporal dimension

for appearance, scene and motion embeddings to produce a single feature vector per clip per

feature. For audio, we aggregate the features using a vector of locally aggregated descriptors as

outlined in [8, 7]. We then average each expert feature to the same dimension of 1× 768 using

adaptive average pooling before passing to the collaborative gating unit described above.

3.3 Implementation Details

We implemented our model using the PyTorch library, and hyper-parameters were identified

using coarse to fine grid search. For supervised coarse genre classification, the Binary Loss

is reduced over 200 epochs using the Adam Optimiser [114] with AMSGrad [168], and with

an initial learning rate of 3e-5, and a batch size of 32 samples. In the self-supervised training,

we adjust the learning rate to 1e-3. We pass ten epochs of the samples through the encoder

before reducing the learning rate using cosine annealing as proposed in [38]. We continue to

fine-tune the network for 50 epochs. Once the semantic encoder has been fine-tuned, we remove

the projection head network and then use the output of the bottleneck layer at run time.
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3.4 Results

We evaluated our method on the MMX-Trailer-20 Dataset for genre classification and retrieval in

the first stage and provided quantitative results for the second stage of self-supervised training.

3.4.1 Evaluation Metrics

We use the standard retrieval metrics as proposed in prior work [55, 143, 145]. Given the variance

of the frequency of occurrence of the genre labels in the dataset, we employ the following

metrics designed to cope with unbalanced data:AU(PRC) (micro average),AU(PRC) (macro

average), and AU(PRC)w (weighted average). Each measure emphasises different aspects

regarding the method’s performance. The AU(PRC) measure averages the areas of all labels,

which causes less-frequent classes to have more influence in the results. We aim to ensure

that we perform well across all categories, even for those with fewer training samples or who

are more difficult to predict. AU(PRC) uses all labels globally, which makes high-frequency

classes have a more significant influence on the results, ensuring that we obtain overall good

results across all samples in the dataset. Finally,AU(PRC)w is calculated by averaging the area

under precision-recall curve per genre, weighting instances according to the class frequencies,

allowing each sample to be measured independently from the whole set, and then gives us an

averaged score. We also show weighted Precision (Pw), weighted Recall (Rw), and weighted

F1-Score (F1w); for all metrics, higher is better.

3.4.2 Coarse Grained Genre Classification Results

We analyse the performance of our approach both quantitatively and qualitatively for both

classification and self-supervised retrieval on the MMX-Trailer-20, trailer dataset. Tbl. 3.2

illustrates the quantitative performance of the coarse genre prediction model, intra-genre, and

the global metrics. The table also shows the random performance, which will vary according to

the frequency of the genre in the dataset.

We also explore the influence of each of the individual experts on the coarse genre classification

task. Individual experts are passed directly through to the first MLP, while pairs are collab-

oratively gated as outlined in the method. These results show that the image expert is most
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Table 3.2: Comparison of our proposed approach with the other methods for genre classification.

Method no genres no labels AU(PRC) AU(PRC) AU(PRC)w

Random 9 Class 9 3 0.206 0.204 0.294
Random 20 Class 20 6 0.134 0.130 0.208
VLLF [167] 9 3 0.278 0.476 0.386
AV [96] 9 3 0.455 0.599 0.567
LSTM [218] 9 3 0.520 0.640 0.590
CTT-MMC [218] 9 3 0.646 0.742 0.724
Moviescope [32] 13 3 0.703 0.615 -

Proposed MMX-Trailer-20 20 6 0.456 0.589 0.583

valuable for genre classification and becomes more effective when combined with motion. Using

collaborative gating yields a 10% increase in basic fusion through concatenation. Audio and

scene are the weakest experts for the classification task, which may be due to features that are

not genre-specific, such as dialogue and external environments. All visual experts perform best

in animation, most likely due to the unique style in comparison with other trailers, while audio

experts perform better in comedy and sports. To identify the importance of the collaborative

gating units, we compute a naive concatenation of the feature embeddings from the experts

passed through an MLP layer (Naive Concat). This is shown to have a 10-point reduction

compared to using the gating to aggregate the features, illustrating the importance of the learnt

collaborative gating framework.

To attempt a comparison to other approaches, Tbl. 3.2 shows the best performance of other

approaches on different datasets. Our model, MMX-Trailer-20 uses up to 6 genre labels per

sample from 20 genres, double most other approaches and will affect the random baseline, which

is nearly half that of the nine genre datasets. To contextualise our method, we compare previous

approaches including video low-level features(VLLF) [167], audiovisual features (AV) [96, 32],

audiovisual features with convolutions over time CTT-MMC [218], and an LSTM model that

uses visual feature data in a standard sequence analysis approach as implemented for comparison

in [218], from the results in Tbl. 3.2 we show that our model performs better than low-level

features and the LSTM model. We do not improve performance on other audiovisual approaches

which fine-tune pre-trained networks in an end-to-end manner [218, 32] which use a far smaller

subset of genre and labels in their older datasets.
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Table 3.3: Coarse genre classification of the MMX-Trailer-20 dataset. Across differing expert
features and combinations methods (note (PRC) = AU(PRC)w)

Model Actn Advnt Animtn Bio Cmdy Crme Doc Drma Famly Fntsy Hstry Hrror Mystry Music SciFi Wstrn Sprt Shrt Thrll War F1w (PRC) Pw Rw

Support 130 197 46 13 224 102 87 267 117 115 44 104 41 86 107 181 30 45 12 21 - - - -

Random 0.29 0.41 0.11 0.03 0.46 0.24 0.21 0.52 0.27 0.26 0.11 0.24 0.1 0.2 0.25 0.39 0.08 0.11 0.03 0.05 0.318 0.134 0.19 1
Scene [80] 0.43 0.55 0.74 0 0.49 0.38 0.63 0.55 0.51 0.28 0.24 0.42 0.3 0.28 0.41 0.51 0.22 0.19 0.11 0.33 0.434 0.489 0.437 0.48
Audio [1] 0.47 0.51 0.40 0.10 0.61 0.38 0.58 0.55 0.51 0.37 0.11 0.34 0.39 0.30 0.35 0.55 0.16 0.15 0.13 0.12 0.454 0.449 0.400 0.537
Motion [30] 0.5 0.59 0.74 0 0.62 0.33 0.63 0.56 0.55 0.36 0.2 0.38 0.45 0.24 0.37 0.57 0.23 0.14 0.10 0.13 0.463 0.487 0.448 0.494
Image [91] 0.48 0.63 0.79 0.12 0.65 0.41 0.60 0.59 0.55 0.42 0.25 0.47 0.42 0.29 0.50 0.54 0.34 0.19 0.12 0.31 0.516 0.554 0.493 0.572
Image + Audio 0.52 0.63 0.78 0.15 0.65 0.42 0.68 0.6 0.63 0.46 0.25 0.50 0.51 0.34 0.49 0.59 0.38 0.28 0.12 0.42 0.544 0.558 0.476 0.65
Image + Motion 0.59 0.64 0.78 0 0.59 0.39 0.66 0.6 0.6 0.5 0.29 0.54 0.53 0.25 0.52 0.57 0.4 0.2 0.24 0.12 0.535 0.553 0.511 0.583
Image + Scene 0.52 0.61 0.80 0.12 0.61 0.37 0.65 0.62 0.58 0.49 0.15 0.51 0.49 0.37 0.48 0.56 0.43 0.26 0.12 0.46 0.531 0.539 0.490 0.600
Naive Concat 0.56 0.61 0.64 0.09 0.64 0.35 0.69 0.60 0.58 0.39 0.19 0.49 0.45 0.21 0.48 0.6 0.39 0.28 0.27 0.41 0.525 0.497 0.522 0.551

MMX-Trailer-20 0.62 0.69 0.71 0.11 0.71 0.53 0.73 0.62 0.64 0.51 0.34 0.56 0.60 0.45 0.50 0.64 0.30 0.11 0.13 0.55 0.597 0.583 0.554 0.697

3.4.3 Fine Grained Genre Exploration

While the coarse genre classification is interesting, discreet labels are generally limited in

providing a complete understanding of complex trailers. We evaluate the effectiveness of

the self-supervised fine-grained genre learning by comparing the cosine similarity between

embedding trailer vectors before and after being processed by the fine-grained self-supervised

network. This is visualised in a T-SNE plot in Fig. 3.1, where the colours indicate the primary

genre. Fig. 3.1(a) shows the learnt embedding for the coarse genre classification, where tight

genre clusters are formed. Fig. 3.1(b) is after the self-supervised training of the model, where we

can see how the clusters have broken up into an overlapping distribution as genres are separated

depending on the multimodal content present in the trailer. We have identified three trailers

(Cleopatra, Braveheart, and Darkest Hour) which share the triple genre classification of Drama,

Biography, History (determined by the three shapes). These are correctly labelled by the coarse

genre encoder, have a high cosine similarity and in Fig. 3.1(a), are spatially close in the coarse

genre T-SNE plot. In Fig. 3.1(b), after self-supervised training, the trailer embeddings have

higher cosine similarity to other genres. For example, Cleopatra is drawn closer to Adventure

films featuring deserts and orchestral scores (Lawrence of Arabia is one example). Braveheart

shares a high cosine similarity with medieval and mythological trailers featuring large-scale

battles, while Darkest Hour moves towards a cluster featuring historical thrillers such as The

Imitation Game. This effect is quantified in Fig. 3.5, which shows the results of the silhouette

score [172] of the embedding space during the fine-grained training phase. The decreasing

score shows that the coarse model’s tight but restrictive genre classification is broken, and genre

overlapping occurs as the training continues.

We can also show illustrative retrieval results. We provide retrieval examples in Fig. 3.6 and

Fig. 3.7. In Fig. 3.6, Query 5: Trolls (2016), retrieves its sequel, Trolls World Tour (2020) and



40 Chapter 3. Rethinking Genre Classification with Fine-Grained Semantic Experts

animated family movies featuring monsters. Query 3: Mega Shark Vs Giant Octopus (2009),

has the highest cosine similarity to other sea monster and environmental disaster movies such

as Bermuda Tentacles (2014) and The Meg (2018). In Query 4: Seethamma Vakitlo Sirimalle

Chettu (2013), we discover that the model clusters other Telugu Language Films, demonstrating

the model’s ability to identify a cultural context within genre clusters as opposed to the coarse

classifier which simply returns films of the same genre. However, we also find Bridget Jones’

Diary (2001) within this cluster, suggesting that the cluster has not been completely isolated

from other romantic comedies. These results demonstrate greater depth and nuance than the

coarse genre classifier retrieval.

Figure 3.5: Silhouette score [172] of the coarse encoder output and then the following 50 epochs
of fine-tuning to develop the fine-grained model. The decreasing score shows that the tight
discrete genre clusters separate and overlap more as we fine-tune the network.

3.4.4 Augmentation of Genre Labels

It is also possible to use the self-supervised network to augment and improve the overall

labelling of the original movie trailers, as shown in Tbl. 3.4. To test this, we compared genre

labels produced by IMDb to find mislabelled examples in the IMDb dataset. We then asked the
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Figure 3.6: Retrieval results obtained from the bottleneck embedding layer before and after
fine-tuning self-supervised. We can observe that the fine-grained results are much closer aligned
to the themes, style, and actions in the query videos than the coarse genre label classifier.
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Figure 3.7: Additional retrieval results obtained from the bottleneck embedding layer after
training for coarse genre classification and fine-tuning with the fine-grained self-supervised
network. Here, the fine-grained network recommends movies from the same franchise (such as
James Bond in Query 3) even though only audiovisual information is used.

network to create labels based on a sigmoid threshold of 0.30. The model extended and matched

the IMDb labels and offered additional logical labels concerning the trailer. We also show how

sensible labels are predicted at a scene level in Fig 3.8

3.4.5 Effect of Sequence Length

In [219], it is shown how capturing temporal information using 3D convolutions and LSTMs

can help with genre classification. We experimented with several scene length variations to

see if temporal information could be retained by concatenating scenes and sequences. First,

we used the scene detection method outlined in the paper to extract individual clips before

performing feature extraction and pooling to create equal 1 x 768 embeddings for every mode.

After collaborative gating, each attention vector is concatenated into a sequence embedding.

The concatenated sequences are then passed to the MLP before being concatenated with all

other sequences to form a feature embedding for the whole trailer. In the case of self-supervised

learning, we select random sequences from the same trailer for comparison.
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Table 3.4: Examples showing additional genre labelling of movies. The original genre is the
label sourced from IMDb and Predicted Genres, resulting from the proposed model. Blue
indicates additional predicted labels. The additional labels are logical considering the content of
the film trailer.

Movie IMDb labelled Genres Predicted Genres

101 Dalmatians II
Action, Family

Adventure, Comedy,
Family, Fantasy, Animation

300: Rise of an Empire
Action, Drama

Action, Adventure,
Drama, Fantasy

Alien: Covenant Horror, Sci-Fi, Thriller Action, Adventure, Horror, Sci-Fi

Company Of Heroes Drama, War
War, History,
Drama, Action

Independence Day:
Resurgence

Action, Sci-Fi Action, Sci-Fi, Adventure, Thriller

Laws of Attraction
Comedy

Comedy, Crime,
Drama

Leprechaun Returns Comedy, Fantasy, Horror Adventure, Comedy, Fantasy, Horror

Santa Paws 2 Family
Family, Comedy,
Adventure, Fantasy

The Hobbit: The Battle of
the 5 Armies

Action, Adventure Adventure, Fantasy, Action, Sci-Fi

The Land Before Time
VIII

Family, Adventure Adventure, Fantasy, Family, Animation

Table 3.5: The effect of sequence length on classification accuracy across several metrics.

Sequence Length F1w (PRC) Pw Rw

1 0.456 0.451 0.475 0.484
5 0.493 0.518 0.428 0.625
9 0.564 0.583 0.554 0.611
20 0.495 0.503 0.493 0.576
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In Tab 3.5, we show the effect of sequence length on classification accuracy across several metrics.

We find that longer sequences assist the model in making more accurate genre predictions,

suggesting that temporal information is captured through the concatenation of scenes. However,

after a sequence length of 10, we notice that accuracy decreases. We select a sequence length of

9 scenes for the model to ensure we can use as much data as possible without compromising

performance.

In Fig 3.8, we can see that our model makes good predictions on individual scenes and offers

reasonable guesses considering the scene’s content in isolation from the whole trailer. This

explains why the model performs poorly with shorter sequences. We also notice how genre

predictions change throughout a trailer on a scene-by-scene basis. This is even more prevalent

in modern movies, where genre fluidity is common or where other genres are referenced for

narrative and stylistic effect.

3.4.6 Effect of Individual Experts

In Fig 3.9, we show the precision-recall curves for each label and modal expert. As might

be expected, ‘Animation’ is the best-performing label among visual experts, with ‘Comedy’

performing well over both audio and visual experts. ‘Documentary’ is best identified by the

scene and audio experts, perhaps because of the additional dialogue and use of establishing

shots in ‘Documentary’ trailers. While we expected the audio expert to perform best on the

‘Music’ label, we find that image and scene experts perform just as well. This may be due to the

image expert identifying instruments and the scene expert associating music with auditoriums

and stadiums. The influence of different experts over the labels demonstrates the advantage of

using a collaboratively gated, multimodal approach.

3.5 Application Examples

To demonstrate how this method could be implemented in real-world applications, we developed

an embedding visualisation application and a recommendation tool that cover two real-world

use cases of the methodology.
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Figure 3.8: Representative results for multi-label classification on single scenes. Green rep-
resents results where the model predicts the correct number and labels for the scene. Black
indicates where the model suggests alternative genres for the scene. We found that the model
could make adequate guesses at the individual scene genre when not presented in context with
the whole trailer. For example, scene 44 from Point Break (bottom left) predicts ‘Adventure,
Action,’ which would be a good prediction given the scene’s image, camera motion, and audio.
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Figure 3.9: Precision-recall curves for each expert over all labels.
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Figure 3.10: Semantic Video Embedding Visualisation Tool. The tool enables users to examine
clustering methods such as TSNE and UMAP, select data by date periods, view videos, and find
similar content using audiovisual information extracted via the method outlined in the chapter.
The tool can be accessed at https://t.ly/2l5LC.

3.5.1 Style Embedding Visualisation

An overview of the tool is shown in Fig 3.10. The tool is designed for media studies, digital

humanities, or film history researchers. Using our methodology, the user can interactively view

both TSNE and UMAP projections of the embeddings created. Since we only use audiovisual

information, this tool uniquely identifies similar stylistic themes across genres, cultures, and

history. Features include:

• Ability to label and share interesting clusters found in the data.

• Users can adjust the date range to only use specific periods of film history.

• Functionality to view only films from specific genres.

• Videos can be viewed and are served dynamically via the YouTube API, or users can

upload their video archives for examination.

https://t.ly/2l5LC


48 Chapter 3. Rethinking Genre Classification with Fine-Grained Semantic Experts

3.5.2 Video Recommendation Engine

We also provide a prototype video recommendation engine that allows users to find simi-

lar movies using only multimodal audiovisual features. For the implementation, we use the

Approximate Nearest Neighbours Oh Yeah (ANNOY) library [19], which efficiently indexes

high-dimensional spaces to enable fast and scalable nearest neighbour searches. By leveraging

ANNOY, our recommendation engine can quickly find and suggest movies with similar audiovi-

sual characteristics. The engine processes audio and visual features extracted from the video

content, combining them into a unified feature vector for each movie. These vectors are then

used to populate the ANNOY index, allowing for rapid retrieval of similar movies based on

user preferences. This approach ensures that recommendations are relevant and contextually

rich, enhancing the user experience by presenting content that closely matches their tastes and

viewing history. An overview of the interface is shown in Fig 3.11.

3.6 Conclusion

This chapter introduced a method for fusing multimodal video features for fine-grained video

understanding applications such as style retrieval and clustering. Using collaborative gating to

fuse audiovisual information enabled the network to focus on specific semantic aspects in the

multimodal content of the videos while introducing the ability to differentiate between various

sub-genres and categories. This method enables improved video clustering and retrieval without

the need for additional annotation.

One area for improvement of this approach is the limited temporal understanding since the video

segments are concatenated to represent the entire video. This also limits the video length that

can be processed without heavily pooling features. In the next chapter, we introduce a method

for performing several detailed video understanding tasks that rely on temporal understanding

and how this can be implemented efficiently over long videos.
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Figure 3.11: The interface for our prototype video recommendation engine uses the fea-
tures extracted using our methodology described in this chapter. The tool can be accessed
at https://t.ly/xUDvA.

https://t.ly/xUDvA
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Chapter 4

Two-Stream Transformer Architecture

for Long Form Video Understanding

In the previous chapter, we explored methods for multimodal fusion and self-supervised video

retrieval. One area for improvement in this approach is that the gated multimodal features

are concatenated in the temporal dimension without any temporal reasoning for the whole

video. Most video understanding tasks require in-depth temporal understanding over long media

segments, especially in cases where we wish to understand aspects of a scene within the context

of a whole video or we need to make some prediction on future events based on what we have

seen previously. Current video recognition methods using CNN’s tend to focus on short videos

[139, 67, 100, 32, 95, 262, 88, 61, 161], effectively aggregating convolutional image features

via late fusion and inflation [61, 108, 100, 161, 201]. Intuitively, an image can provide a good

summary of a moment in time, and so it is logical that these methods perform well at classifying

short videos from only a few frames [246]; however, many video understanding tasks require or

can be improved with, long-term temporal reasoning [225]. The temporal fusion of features via

recurrent networks [173, 53] provides one solution by aggregating frames over longer sequences

of frames, but these architectures suffer from computational inefficiencies due to their recursive

design. At the same time, 3D convolutional approaches also need to scale more effectively,

primarily due to their high computational footprint and the linear growth of the receptive field in

the temporal dimension.

51
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Figure 4.1: An overview of our approach, STAN. We encode video scenes into two feature rep-
resentations using a two-stream spatio-temporal convolutional network. A transformer encoder
is then used to model temporal dependencies between the tokens via an additional classification
token randomly initialised. The proposed method allows us to model long-term dependencies
between individual frames of long videos that feature multiple actions and environments.

More recently, transformers [51, 56] have been adapted to the video domain [9, 189, 73, 86, 21,

216], achieving state-of-the-art (SOTA) results on multiple short video tasks. However, unlike

convolutional neural networks (CNNs), transformers inherently lack strong inductive biases,

such as locality and translation invariance, which are crucial for efficiently processing visual

data.

Inductive biases are prior assumptions built into a model’s architecture that guide the learning

process, enabling the model to generalise better from limited data. In CNNs, the convolutional

layers are designed to exploit the local spatial structure of images by applying the same filter

across different regions of the input. This ensures that patterns detected in one part of the image

can be recognised in another, promoting a form of parameter sharing that significantly reduces

the model’s complexity. This inherent bias towards local feature extraction and translation

invariance allows CNNs to learn effectively from relatively small datasets, making them highly

data-efficient.

In contrast, transformers are designed with a more general-purpose architecture, relying on

self-attention mechanisms that can model relationships between any pair of elements in the input,
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regardless of their spatial or temporal proximity. While this flexibility enables transformers to

capture long-range dependencies and complex interactions within the data, it also means that

they do not assume any specific structure in the input data, such as locality in images or temporal

continuity in videos. As a result, transformers must learn these patterns entirely from the data,

which typically requires large amounts of labelled examples to prevent overfitting and achieve

robust generalisation.

The lack of inductive bias in transformers becomes particularly problematic in the video domain,

where the data is high-dimensional and temporally extended. Video data often contains a vast

amount of redundant information, where frames that are close together in time are highly

correlated. In the absence of inductive biases like temporal locality, transformers may struggle

to learn efficiently from such data, requiring substantially more training examples to capture the

relevant features across time.

Furthermore, in tasks involving long video understanding (LVU) and classification, the temporal

dimension adds another layer of complexity. Transformers must process sequences that can span

thousands of frames, exacerbating the data inefficiency issue. This results in models that are

computationally expensive to train and deploy, with memory requirements that can easily exceed

the capacities of standard GPUs, especially when dealing with high-resolution video inputs.

These challenges make transformer-based approaches less viable for domains where data and

computational resources are limited. Organizations with constrained budgets, limited access to

large-scale video datasets, or restricted computational power may find it infeasible to adopt these

models. Consequently, while transformers offer powerful capabilities, their application to long

video tasks is significantly hindered by their need for extensive data and compute, underscoring

the critical role that inductive biases play in efficient model training and deployment [198].

The following question then arises: How can we leverage inductive bias from image CNNs

to make video transformer networks more data—and memory-efficient for long-form video

understanding tasks?

Our solution is a two-stream Spatio-Temporal Attention Network (STAN) with which we gain

data and computational efficiency by introducing inductive bias via high-resolution convolution

with a low-resolution temporal transformer network.
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Inductive biases in neural networks significantly influence their generalisation abilities. CNNs,

for instance, are imbued with a strong inductive bias towards capturing local spatial hierarchies

in images through their use of local receptive fields and shared weights. This architectural design

naturally suits image data, where spatially close pixels are more likely to be semantically related.

On the other hand, Transformers lack such spatial biases and instead rely on self-attention

mechanisms to weigh the importance of each part of the input data relative to others. This

absence of inductive bias towards local structure means Transformers require substantially

more data to learn patterns that CNNs capture more directly. However, Transformers offer a

significant advantage in capturing long-range dependencies, a feature particularly useful for

processing videos where temporal relationships across frames are crucial. By combining the

spatial inductive bias of CNNs with the global receptive field of Transformers in a hybrid

architecture like the proposed Spatio-Temporal Attention Network (STAN), we aim to harness

the strengths of both models. This hybrid approach improves data and memory efficiency for

long-form video understanding tasks by leveraging the quick, effective spatial processing of

CNNs and Transformers’ dynamic, detailed temporal aggregation capabilities. Integrating these

biases is expected to compensate for the individual limitations of each architecture, fostering a

more robust and efficient learning process for complex video understanding.

Existing methods for image classification with transformers such as [56] split images into 16×16

pixel regions encoded with a positional embedding to introduce permutation and translation

invariance. This method has been extended to video by expanding these regions temporally to

create 3D tokens with 2D positional embeddings [9]. Inspired by work in two-stream slow-fast

convolutional video networks for short video classification [63], our approach replaces this

tokenisation method with both image spatial and context temporal scene features extracted from

pre-trained convolutional neural networks as shown in ??. We then use a two-stream transformer

architecture to model temporal dependencies between the scene features for classifying long

videos of up to two minutes in length. By leveraging spatial and temporal features, our data- and

memory-efficient method achieves competitive results on several video understanding tasks.
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4.1 Methodology

We aim to classify long videos by splitting them into discrete scenes and extracting spatial and

temporal representations for temporal fusion via a two-stream transformer encoder. We first

analyse the video for average frame intensity/brightness changes using a running average over

RGB video channels. We use these timestamps as scene segmentation points and uniformly

sample 12 frames from each scene segment using a 3D CNN encoder to generate low-resolution

temporal feature tokens for each scene. We also extract the central frame of each scene at a higher

resolution and use a 2D CNN to obtain a spatial feature token. The spatial and temporal scene

tokens are encoded with a positional embedding and temporally aggregated using a two-stream

transformer encoder. For classification, we randomly initialise an additional token prepended to

the spatial and temporal sequence of embedding tokens, which learns to model the temporal

inter-dependency of the individual scenes. An overview of the sampling methodology is shown

in Fig 4.2.

4.1.1 Temporal Encoding Token

Given a uniformly sampled set of 12 video frames from a scene defined here as t ∈ R12×H×W×C ,

we implement an R(2+1)d Video ResNet encoder [202] pre-trained on the Kinetics400 Dataset

[30], defined as g(t), to encode each set of frames into a single feature embedding token t̂,

which represents the projected temporal features of the scene si from a set of scenes S. Using

the above method, we obtain an embedding for each scene in the video to generate a set ZT,

representing the set of all temporal embedding vectors for the scene si ∈ S.

ZT = [zcls, t̂0, t̂1, ..., t̂n] + p (4.1)

Where zcls is randomly initiated in the same dimension as t̂i and pi ∈ PE is a positional

embedding added to the sequence as described in [206] as,

PEpos,2i = sin(
pos

100002i/dmodel
) (4.2)
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Figure 4.2: For each scene S in the video V we obtain a temporal (̂t) and spatial (x̂) feature
embedding using 2D and 3D convolutional neural networks denoted here as h(·) and g(·).
A shared positional embedding, p, is added to every scene embedding to generate the spatial
tokens, zs, and the temporal tokens, zt. A two-stream spatio-temporal transformer with two
layers (l) learns the dependency between the sequence of spatial tokens and the temporal tokens.
Following normalisation and a linear projection, the features are fused for classification. In
practice, we only fuse and classify the prepended CLS token as discussed in Section 4.1. When
training the STAN-Small model, we do not back-propagate through the 3D CNN represented
here by the stop-gradient line. For STAN-Large, we continue to fine-tune both convolutional
encoders.
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PEpos,2i+1 = cos(
pos

100002i/dmodel
) (4.3)

dmodel is a standard dimension for both spatial and temporal tokens. In [72, 253, 56], positional

information is used to infer the relationship between cropped regions in an individual frame. As

we have introduced inductive bias via convolution, we do not need to model the position of pixel

regions. Instead, we extend the positional embedding method to infer the position of each short

temporal sequence. This is logical for longer videos featuring a narrative composed of multiple

dynamic actions and environments like those found in movies. In section 4.3, we show that this

positional information benefits the model’s performance on such a task.

4.1.2 Spatial Encoding Token

To obtain a spatial encoding token, we perform a linear projection of the high-resolution frame

x, which is sampled from the centre of S to a spatial embedding token x̂ using a ResNet18[81]

encoder model pre-trained on the ImageNet Dataset [50] so that x̂ = h(x). As in the case of

the temporal token, we form a sequence of spatial embedding tokens ZX from spatial feature

embeddings obtained via h(·) so that ZX = {x̂0, x̂1, ..., x̂n} where n is the total number of

scenes in the video V. In Eq 4.4 zclsx is the randomly initialised token used for classification.

ZS = [zclsx , x̂0, x̂1, ..., x̂n] + p (4.4)

The positional embedding vector p in Eq 4.4 is the same as defined in Eq 4.1, and as such, the

positional information is shared between the spatial and temporal tokens. This ensures that

positional information is consistent between the spatial and temporal streams during fusion. We

now define a spatial and temporal transformer for temporal aggregation of the input tokens and

then discuss techniques to fuse the output classification from both streams.

4.1.3 Spatial and Temporal Transformer Encoders

For the spatial and temporal transformer encoder architecture, we implement the transformer

model introduced in [206] originally designed for natural language processing. As described
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in [206], we generate Query (Q), Key (K), and Value (V) matrices from both the spatial and

temporal embedding representations where each row in the matrix represents a corresponding

scene, with the first row representing our classification token. A matrix of outputs is computed

as,

Attention(Q,K,V) = softmax
(
QKT

√
dk

V

)
(4.5)

The output matrix A(Q,K,V) is summed with the input embedding matrix via a residual

connection and normalised. Finally, the output is summed with a second residual connection

before a classification MLP head. In practice, we only apply the final classification MLP to

the temporal and spatial transformer classification tokens, which learn a representation of the

input via self-attention. As such, we can discard the other rows of the output matrix and only

backpropagate via the classification MLP. We use Multi-Headed-Self-Attention to model further

representations in spatial and temporal domains by replicating the attention mechanism in Eq

4.5 and concatenating the heads. This process is described in detail in [206]. In [72, 253, 47] the

authors use a linear layer for classification based on zcls ∈ Rd. In our work, we linearly project

zcls to Rdmodel for both the spatial and temporal features so we can experiment with several

fusion methods, which we will describe next.

4.1.4 Fusion and Classification

For fusion, we normalise the embeddings and project them to a common dimension with a linear

layer before classification via a three-layer MLP separated by a gated non-linearity. The loss

function can be defined as a binary cross entropy loss between the targets Y and the scaled sum

of the feature embeddings,

LFusion = LBCE(h(Norm([q(zclss ) + λq(zclst )]),Y) (4.6)

Where λ < 1.0 acts as a hyper-parameter to scale the influence of the temporal network in

generating the output logits and set to 0.6. q(·) Is an MLP with one hidden layer and weights

shared for both temporal and spatial streams. At the same time, the function h(·) represents the
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final MLP used for classification after fusion. To improve training time and memory efficiency,

we leverage transfer learning and pre-train the 2D CNN on ImageNet [50], and the 3D CNN on

Kinetics400 [30]. We present both a large and small version of the model. For the STAN-Small,

we do not update the parameters in the temporal stream layers but back-propagate through

the two-stream transformer to the 2D CNN. This reduces the number of trainable parameters

by 48 Million, making the whole network trainable on a single Nvidia RTX5000 GPU with

16GB of memory. The larger model, STAN-Large, which back-propagates via both streams,

improves performance by 11% but requires 92.5 million trainable parameters compared with

45 million for STAN-Small. In Table 4.1 we experiment with several additional methods for

fusion including using collaborative gating [132] and distillation [85]. A complete experimental

analysis follows in the next section.

4.2 Implementation Details

In this section, we discuss the implementation of the spatio-temporal Attention Network and

provide further details on the network architecture, including hyper-parameter selection. We

also provide further details regarding the implementations of other models used in the results

section and ablation experiments.

4.2.1 Spatial Encoder CNN

The spatial CNN encoder is a ResNet18 Model [81] pre-trained on the ImageNet [50] dataset

and implemented as described in detail in [81]. For spatial features, we randomly resize the

image between [250, 500] and then take a random centre crop of size 224 × 224. We apply

additional augmentations, including flipping horizontally and vertically with a probability of

p = 0.5 and apply Gaussian noise for additional regularisation and to prevent overfitting. During

inference, we resize the shortest side of the image to 250 pixels and then take a centre of size

224× 224. For feature extraction, we replace the original classification head with a linear layer,

which projects the pooled convolutional features to the size of 1× 896.
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4.2.2 Temporal Encoder CNN

The Temporal encoder is an R(2+1d) Video Classification Model [202], which decomposes

spatial and temporal convolution into two steps within each convolutional block. The model is

pre-trained on the Kinetics-400 Dataset [30] and implemented as described in detail in [202].

For training, we take spatially consistent random crops of size 112× 112 pixels for each scene

so that each frame in the scene is cropped in the same location and dimension. We also introduce

random erasing of pixel regions, which covers parts of the cropped region with black squares.

This improves convergence and reduces over-fitting even when we only back-propagate via

the spatial encoder CNN. We sample 12 frames from each scene, which are projected via the

temporal encoder to one temporal token representation of size 1× 896 via a linear layer.

4.2.3 Spatio Temporal Attention Encoders

The two-stream encoder is constructed from a temporal and spatial transformer encoder. The

transformer encoders are implemented according to the design in [206] and initialised with four

heads and two layers with drop-out at p = 0.5. Both transformer encoders output a CLS token

of shape 1× 896, which is then linearly projected by a three-layer MLP with Gaussian Error

Linear Units (GELU) to the size of 1 × 128. These output spatial and temporal features are

then normalised using L2 Normalisation and summed before a final classification MLP, which

linearly projects the embedding to the target shape.

4.2.4 Training Details

As in the previous chapter, scenes are extracted from videos in the datasets using change

detection over the RGB values. This results in scenes representing a sequence of frames from a

single camera shot or view. Although these scenes will be of variable length, we can presume

that the action occurring within the scene is relatively static if the RGB values do not change

enough for a boundary to be detected. This means we can simply extract all frames from the

scene and then subsample for a reliable representation of the scene content. From each scene S,

we extract 12 equally distributed frames. The sixth frame is processed via the spatial encoder

CNN, while all the frames are processed via the temporal encoder CNN.
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For efficiency, we extract frames from videos offline and, inspired by [270], we use the NVIDIA

DALI pre-processing and dataloading framework, which allows us to decode and transform

frames on the GPU. For STAN Large, we use 4 NVIDIA-RTX-5000 GPUs and train the model

for approximately 16 hours, while the STAN Small model is trained on just 1 NVIDIA-RTX-

5000 GPU for 48 hours.

We use a batch size of 64 for both models, obtained by accumulating gradients across epochs. We

use the Adam Optimizer [113] with α = 1e− 5 and a weight decay set at 0.09 for optimisation.

4.3 Results

We evaluate the proposed method on several long video classification tasks. As discussed in

[225], video datasets have typically focused on short video tasks; therefore, following [225],

we define long videos as videos which feature more than three shots or scenes, are longer

than a minute in length, and in which classification relies on, or is improved by, contextual

understanding of the relationship between the content of shots and their order. At first it may

seem that only a minute in length is not a particularly long video however this duration is

considered long in the context of video understanding tasks due to the complexity involved

in processing and analyzing the relationships between multiple scenes or shots within such a

time frame. Unlike short videos, which typically focus on recognizing single actions or isolated

events, long videos require the model to understand and maintain context over a more extended

period. This involves capturing dependencies across shots, managing the temporal dynamics of

the video, and integrating this information to make accurate classifications. Consequently, even

a minute-long video can present a significant challenge in terms of computational resources and

algorithmic design in machine learning tasks.

To evaluate our method, we use both the MMX-Trailer-20 Dataset (MMX) [65], as introduced

in the previous chapter, and the Long Video Understanding Benchmark (LVU) [225].

LVU Benchmark

The Long Video Understanding Benchmark [225] contains 30K videos with an average length

of 120 seconds. The benchmark comprises of interaction classification, user engagement

prediction, and movie metadata prediction tasks, demonstrating various requirements for long
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temporal modelling. We test our approach on the content understanding tasks, including character

relationship identification, speaking style, and scene recognition.

4.3.1 Comparative Methods

To demonstrate the effectiveness of the two-stream network, we implement several existing

methods for video classification using the MMX-Trailer-20 dataset. They include extracting

convolutional image features from a ResNet18 [81] for each scene and simply using average

pooling for classification. We also implement this same method with features obtained from

a two-stream Inflated 3D Convolutional Neural Network [100], and a SENet [92]. We also

show results for comparative temporal networks, including a Temporal Pyramid Network, which

extracts multiple level features from a CNN to model dynamic temporal movements in videos,

and a vanilla LSTM [53] to model the temporal relationship between the feature representations

from an 18 layer ResNet. More complex temporal aggregation strategies are also explored,

such as the Fine-Grained Semantic [65] architecture, which uses concatenation to aggregate

multimodal features as well as the effectiveness of earlier audio-visual works such as audio-

visual classification using support vector machines [96] and audio VGG network as described in

[2]. We also explore distillation as described in [198], using the temporal transformer encoder

as a teacher network to the spatial transformer. For the LVU Benchmark task, we compare our

method with those presented in the paper, including videoBERT [189], R101-SlowFast [63],

and Object Transformer [225].

4.3.2 Metrics

As outlined in the previous chapter, the MMX dataset is imbalanced. As such, we follow other

works [55, 143, 145] and use Mean Average Precision mAP to evaluate the effectiveness of

our classifier. To calculate the mAP , we average the area under the precision-recall curve per

genre, weighting instances according to the class frequencies. We also show weighted Precision

(Pw), weighted Recall (Rw), and weighted F1-Score (F1w) in Table 4.3. With all metrics, a

higher value demonstrates improved accuracy. For LVU, we compute the standard error averaged

over five runs as proposed in the original paper [225] where higher values represent improved

performance.
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Method CNN Feature Extractor Frames per Scene Aggregation Method mAP

ResNet [81] ResNet18 1 Avg Pool 0.434
SqueezeExcite [92] SE-ResNet 1 Avg Pool 0.544

I3D [30] I3D 12 Avg Pool 0.487

Collaborative Gating [132] ResNet18 12 Gated Unit 0.4723
S(TPN) [259] ResNet18 12 Temporal Pyramid 0.492
Fine-Grained Semantic [65] multimodal 16 Concatenation 0.583
LSTM [53] ResNet18 1 LSTM 0.596
Distillation [85, 198] ResNet18 + R2+1D 12 Transformer 0.601

STAN-Small ResNet18 + R2+1D 12 Transformer 0.640
STAN-Large ResNet18 + R2+1D 12 Transformer 0.750

Table 4.1: Comparison of our proposed approach with existing methods for video classification
using CNN feature extractors and evaluated on the MMX-Trailer-20 Dataset. We implement
several feature extraction and aggregation methods to evaluate their effectiveness for the long
video classification task.

Method Relation Speaking Scene

R101-SlowFast+NL [63] 52.4 35.8 54.7
VideoBERT [189] 52.8 37.9 54.9
Object Transformer [225] 53.1 39.4 56.9

STAN-Large (ours) 56.25 41.41 58.33

Table 4.2: Accuracy of our approach on long video understanding tasks using the Long Video
Understanding Dataset. The reader can find references and further details in [225]. We out-
perform current approaches for classifying conversation (speaking), character relationships
(relation), and locations of scenes (scene).

4.3.3 Evaluation

First, in Table 4.1, we evaluate our approach against existing methods for video classification

using the MMX-Trailer-20 Dataset. We demonstrate that our method outperforms the pooling of

convolutional spatial features by 10%. Secondly, we show how our method improves perfor-

mance on scene-level features extracted via an inflated 3D CNN [61] by 11%. Third, we compare

our approach with other techniques for combining convolutional features temporally, including

an LSTM [53], S(TPN) [259], concatenation [65], and collaborative gating [132]. Finally, we

show results for an alternative method for two-stream aggregation using a distillation network

as described in [198] and described in more detail in the following section. We outperform all

existing techniques for the genre classification task.
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Model Actn Advnt Animtn Bio Cmdy Crme Doc Drma Famly Fntsy Hstry Hrror Mystry Music SciFi Sprt Shrt Thrll War F1w mAP Pw Rw

Support 130 197 46 13 224 102 87 267 117 115 44 104 41 86 107 30 45 12 21 - - - -

Random 0.29 0.41 0.11 0.03 0.46 0.24 0.21 0.52 0.27 0.26 0.11 0.24 0.1 0.2 0.25 0.08 0.11 0.03 0.05 0.318 0.134 0.19 1
ResNet [81] 0.43 0.55 0.74 0 0.49 0.38 0.63 0.55 0.51 0.28 0.24 0.42 0.3 0.28 0.41 0.22 0.19 0.11 0.33 0.434 0.489 0.437 0.48
VGG-Audio [2] 0.47 0.51 0.40 0.10 0.61 0.38 0.58 0.55 0.51 0.37 0.11 0.34 0.39 0.30 0.35 0.16 0.15 0.13 0.12 0.454 0.449 0.400 0.537
I3D [30] 0.5 0.59 0.74 0 0.62 0.33 0.63 0.56 0.55 0.36 0.2 0.38 0.45 0.24 0.37 0.23 0.14 0.10 0.13 0.463 0.487 0.448 0.494
SqueezeExcite [92] 0.48 0.63 0.79 0.12 0.65 0.41 0.60 0.59 0.55 0.42 0.25 0.47 0.42 0.29 0.50 0.34 0.19 0.12 0.31 0.516 0.554 0.493 0.572
Naive Concat [81] 0.56 0.61 0.64 0.09 0.64 0.35 0.69 0.60 0.58 0.39 0.19 0.49 0.45 0.21 0.48 0.39 0.28 0.27 0.41 0.525 0.497 0.522 0.551
Fine-Grained Semantic [65] 0.62 0.69 0.71 0.11 0.71 0.53 0.73 0.62 0.51 0.34 0.56 0.60 0.45 0.50 0.64 0.30 0.11 0.13 0.55 0.597 0.583 0.554 0.697

STAN-Small 0.71 0.68 0.92 0.21 0.61 0.65 0.62 0.69 0.86 0.49 0.46 0.58 0.43 0.39 0.53 0.13 0.20 0.85 0.50 0.65 0.64 0.62 0.73

Table 4.3: [Genre classification performance for each genre on the MMX-Trailer-20 dataset.]
Genre classification performance for each genre on the MMX-Trailer-20 dataset. We observe
high-performance gains on genres where temporal information can be considered an important
classifier, such as Action +9 and Animation +11. We also observe that other network architec-
tures perform very poorly in the classification of the genre thriller while we improve accuracy
by +58. Long-term temporal modelling performs well on this task as the content is difficult to
classify when features are presented in isolation.

Method Samples Parameters (Millions) mAP

Spatial with backprop 2000 28 0.5903
Temporal with backprop 2000 48 0.6221

Spatial no backprop 2000 16.5 0.4024
Temporal no backprop 2000 16.5 0.59

Distillation Network 2000 44.5 0.6005
Gated Fusion 2000 45 0.4728

STAN-Small 2000 45 0.6151
STAN-Small 6047 45 0.6401
STAN-Large 6047 92.5 0.7506

Table 4.4: Ablation experiments assess the network quality under a constrained data training
protocol. Each model is trained using only 2000 samples, while the test length remained consis-
tent at 754 samples. The network continues to outperform existing methods with fewer data. We
also show results for individual spatial and temporal streams with back-propagation.
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In Table 2, we show that we achieve SOTA results for three long-form video understanding

tasks on the LVU Benchmark, outperforming other methods which also utilise transformer

architectures such as VideoBERT [189] and [225], which utilises pre-trained CNN backbones

plus self-supervised masked pre-training. Our architecture performs particularly well on the

relationship identification task (+3.1) despite having no prior knowledge of the domain in

pre-training.

4.3.4 Ablation Experiments

In Table 4.4, we perform several ablation studies to assess the impact of the spatial and temporal

features and the data efficiency of the model. We sampled 2000 trailers from the MMX-Trailer-

20 training partition to measure the data efficiency of the entire test partition of 754. Table 4.4

shows that the model still achieves SOTA performance on the MMX-Trailer-Dataset despite

being trained on only a quarter of the samples demonstrating high data efficiency. We infer

that data efficiency is improved by using convolutional encoding as the transformer network

only needs to map self-attention between the scene feature tokens rather than pixel localities.

Furthermore, the proposed network architecture can infer translation invariance within the

convolutional encoding.

In Table 4.4, we also provide further results for models that only use spatial or temporal

convolutional encoders to assess the impact of propagating gradients through the convolutional

encoders. We observe that back-propagating through the spatial convolutional encoder provides

the most significant performance gain with the most negligible effect on the number of trainable

parameters. Training both the CNN encoders end-to-end (STAN-Large) is the most effective

method for achieving high accuracy. Still, it comes at a cost, increasing the number of trainable

parameters by 48 million however this is still substantially smaller than existing methods such as

videoBERT which has 128 million parameters. We find that using just the temporal transformer

encoder and introducing a stop gradient before the convolutional feature extractor performs well

but is improved with spatial features for 28 million additional trainable parameters. We also

show genre-specific results in Table 4.3.
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4.3.5 Fusion Methods

We experiment with an alternative fusion method for the classification (CLS) embedding tokens

for an additional benchmark, as shown in Tab 4.1 as distillation.

In [198], the authors append a distillation token to the token sequence Z obtained via a pre-

trained image network, which is used as a teacher output via hard or soft distillation for image

classification. We extend this idea to video, using the Temporal Encoder Token as an additional

distillation token, which is appended to the input sequence of the spatial encoding network.

Formally:

Zs = [zscls, x̂0, x̂1, . . . , x̂n, z
t
cls] + PE (4.7)

where zscls is a classification token for the spatial encoding sequence, x̂n are expert convolution

tokens obtained via the pre-trained spatial CNN, and ztcls is the temporal encoding token. The

sequence Zs is then passed to a single transformer encoder. We take the transformer projections

of zscls and ztcls, where the MLP g(ztcls) is used to obtain either soft targets (logits) or one-hot-

encoded hard labels while g(zscls) performs classification.

While the distillation network did not perform as competitively as the primary fusion method, it

did reduce training time and data efficiency as described in [198].

4.3.6 Qualitative Results

In Fig 4.3, we show class activation maps of the input 2D CNN encoder, shown in Fig 4.2 as

h(·) and the predicted genres for a given input video. We observe that the model predicts the

labels correctly and learns cohesive features for the input tokens. For example, in Fig 4.3, we see

that the Family genre is predicted when we have a strong activation on animals’ faces. For the

Horror classification, spatial features include people screaming and dark scenes. We also notice

that text is an essential feature for the classification task, acting as a solid temporal marker in

the sequence of tokens. Class activation maps are obtained via Grad-CAM[177] using the code

provided by [71].
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Figure 4.3: Class activation maps of randomly selected samples from the MMX-Trailer-20
test partition. Each sub-figure represents a series of input tokens from the spatial encoder h.
The class activation maps show pixel regions in red to blue, with red regions representing high
activation and, therefore, greater contribution to the predicted class labels.

Figure 4.4: Class activation maps for central scene frames from the MMX-Trailer-20 Dataset.
A heatmap shows the class activation for the given genre. We observe that the genres are related
to specific elements within the scenes such as objects and interactions.
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In Fig 4.4, we show how the spatial CNN encoder identifies relevant features for input tokens.

We find some surprising features are learned; for example, flowers strongly indicate a ‘Romantic’

token, while ‘Action’ tokens include architecture and clothing such as suits and ties. Comedy

features include multiple people in the same shot.

We also show in Fig 4.5 that if we reduce the classification threshold following the sigmoid

activation function in the final classification layer, we can obtain additional labels for coherent

samples considering the content. In Fig 4.5, for example, the labels ‘Action’ and ‘Drama’ are

appended to the classification label.

Finally, we also explore why the network incorrectly labels some trailers. In Fig 4.6, we find

that the Comedy label has been incorrectly predicted as the trailer features a cat, and also that

the sequence of scenes is interjected with frames of text which,h is a strong indicator of the

temporal content of comedy trailers.

Figure 4.5: By reducing the threshold for a valid classification label to 0.3, we obtain the
additional labels ‘Action’ and ‘Drama’, which is logical considering the content. Similarly, if
we require just one Genre label, we can increase the threshold to 0.5 to obtain just the ‘Thriller’
label. Each frame shown represents 12 frames in the temporal stream and 1 in the spatial stream.



4.4. Conclusion 69

Figure 4.6: We explore why the incorrect label ‘Comedy’ has been predicted for this movie
trailer. Animals and text are strong indicators of a ‘Comedy’ genre label. We also identify that
the interjection of text frames is a strong temporal clue that the movie trailer has the ‘Comedy’
label.

4.4 Conclusion

In this chapter, we introduced a data and memory-efficient spatio-temporal attention network

tailored to classify videos using spatio-temporal fusion. This network harnesses the advantages

of convolutional inductive bias alongside the computational benefits of transformer networks,

allowing for efficient video classification. Utilising static images and temporal context convo-

lutional tokens, we developed an architecture that does data efficiently and supports several

specific video understanding tasks. As discussed in the introduction, data and training efficiency

are significant barriers to implementing video understanding systems for organisations with

limited compute or data. This method effectively solves the problems, providing a methodology

to learn from long videos in data and memory-restricted environments.

Despite its efficacy in classifying and recognising actions in long videos, our method encounters

limitations in precisely locating when specific actions occur. Pinpointing these moments is

crucial for advanced video understanding tasks such as video captioning and fine-grained

retrieval, which require recognition and accurate temporal activity localisation of actions. To

bridge this gap, the subsequent chapters will delve into two innovative methods aimed at
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enhancing the capabilities of existing approaches to Temporal Activity Localisation. These

approaches will demonstrate audio and text data integration to develop multimodal systems,

providing a more comprehensive solution to accurately identifying and locating actions within

video content.



Chapter 5

Multi-Resolution Audio-Visual Feature

Fusion for Temporal Action

Localization

In the previous chapters, we explored multimodal fusion and spatio-temporal understanding.

However, many video understanding tasks also require temporal localisation. Temporal Action

Localisation (TAL) detects the onset and offset of actions and their class labels in untrimmed

and unconstrained videos. TAL is essential to many video understanding applications, allowing

for in-video action retrieval, fine-grained video understanding, and action video captioning. As

discussed in the literature review, two key challenges limit the practicability of using current

TAL network architectures in real-world applications. The first is effectively leveraging multi-

modalities, such as audio, to improve classification and localisation in a one-stage training setup.

The other is ensuring that temporal invariance within these networks is robust and generalisable.

Recently, the combined use of transformer networks and Feature Pyramid Networks (FPN)

[237, 250, 40, 223, 180] has led to a significant boost in the performance and efficiency of TAL

tasks by leveraging multi-resolution visual features. Using FPNs ensures that these networks

feature more robust temporal invariance so that actions that may occur over different speeds

and durations are identified correctly regardless of the speed in the video. However, there has

yet to be a study on combining audio information in such network architectures for this task,

specifically how to fuse audio information over different temporal resolutions. The challenge lies

71
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Figure 5.1: We use a Feature Pyramid Network (FPN) to encode audio-visual action features
along different temporal resolutions. We then gate the fusion of the audio features depending on
their application to the action classification and regression boundaries. For example, the action
‘take’ requires no audio, which is gated out. In contrast, the action ‘cut’ can be better localised
by combining high-temporal resolution audio features with visual features. Our method learns
both the temporal resolution and the gating values end-to-end.

in integrating audio and visual data and determining the density of audio information required

across different FPN channels for various actions. While some channels require richer audio

input to accurately identify action segments due to higher visual downsampling, others with

more detailed visual cues might need less audio assistance. For instance, as shown in Fig 5.1, an

action such as ‘cut’ can be better located using high-resolution (i.e. less downsampled) audio

features. In contrast, an activity such as ‘washing up’ may only require some low-resolution

audio information. A final example could be for an action such as ‘pick-up’, which requires no

audio input. With this in mind, a fusion method for audio TAL should accommodate multiple

temporal audio resolutions while also including a mechanism to gate audio information in

specific temporal pathways.

This chapter presents a novel framework for Multi-Resolution Audio-Visual Feature Fusion

(MRAV-FF) as the first step in solving the audio-visual temporal activity localisation issue. Our

methodology is rooted in a hierarchical gated cross-attention fusion mechanism that adaptively

combines audio and visual features over varying temporal scales. Unlike existing techniques,

MRAV-FF weighs the significance of each modality’s features at various temporal scales to

improve the regression boundaries and classification confidence. Furthermore, our method can
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be easily plugged into any FPN TAL architecture to boost performance when audio information

is available.

5.1 Methodology

In this section, we formulate the problem definition of Temporal Action Localization (TAL) and

provide details of the proposed method.

Problem Definition

Consider an untrimmed input video denoted as V. The goal is to represent V as a set of feature

vectors symbolized as V = {x1,x2, . . . ,xt}. Each xt corresponds to discrete time steps,

t = {1, 2, . . . , T}. Notably, the total duration T is not constant and may differ across videos. For

illustrative purposes, xt can be envisaged as a feature vector extracted from a 3D convolutional

network at a specific time t within the video. The primary objective of TAL is to identify and

label action instances in the input video sequence V. These instances are collectively denoted as

Y = {y1, y2, . . . , yn}, where N signifies the total number of action instances in a given video.

This value can be variable across different videos. Each action instance, yi, is defined by the

tuple yi = (si, ei, ai), where si represents the starting time or onset of the action instance, ei

denotes the ending time or offset of the action instance, and ai specifies the action category or

label.

The parameters must adhere to the conditions: si, ei ∈ {1, . . . , T}, ai ∈ {1, . . . , C} (with

C indicating the total number of predefined action categories), and si < ei, which ensures

the starting time precedes the ending time for every action instance. Furthermore, alongside

the visual feature set X, we introduce an audio feature set A. This set can be represented as

A = {a1,a2, . . . ,ataudio}, spanning up to Taudio time steps. Notably, the total duration Taudio

may or may not align with T from the visual features, depending on the extraction mechanism

and granularity of the audio features.

A significant challenge in multimodal TAL is devising an optimum method for fusing visual and

audio features. This fusion aims to leverage complementary information from both modalities,

enhancing the robustness and accuracy of action localisation and classification.

Method Overview
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Figure 5.2: A high-level representation of our multi-resolution audio-fusion method. (a) We
apply independent 1D convolutional filtering on audio and visual features to obtain a shared
feature dimension. (b) Max-Pooling is applied to downsample each of the features. (c) After
each downsampling operation we apply multi-headed cross attention for each temporal layer
between audio and visual features. (d) The video features are then used as context to scale
audio and visual attended embeddings. (e) The concatenated embedding is then used for both
regression and classification.

As depicted in Fig 5.2, our proposed method is structured around three core components. First,

video and audio features are extracted from untrimmed videos using frozen, pre-trained encoders.

These encoders provide a robust foundation for capturing the inherent characteristics of the

media without additional training overhead. Post-extraction, these features are further refined via

a shallow convolution layer. Subsequently, they are channelled into a feature pyramid network

where we apply cross-attention between audio and visual features at each temporal level. This

mechanism ensures effective alignment and integration of features from diverse modalities and

resolutions, facilitating the capture of complex temporal relationships. Finally, upon feature

fusion, each temporal feature vector is processed by two dedicated decoders: one for regression,

predicting action onsets and offsets, and the other for classification, identifying specific action

class labels. This dual-decoder approach ensures accurate temporal localisation and semantic

identification of each detected action.
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5.1.1 Audio-Visual Temporal Fusion

Fusing audio and visual embeddings extracted from a video sequence is essential to enhancing

the model’s capability to interpret and analyse multimodal data. For each time step, audio

embeddings are represented as A = {a1,a2, . . . ,ataudio}, and visual embeddings as X =

{x1,x2, . . . ,xt}.

The fusion process begins with the downsampling of these embeddings to reduce their dimen-

sionality and highlight the most salient features. This reduction is accomplished through a

max-pooling operation applied independently to each modality:

F′ = MaxPool(F, stride = 2) (5.1)

This operation effectively halves the temporal resolution of the feature sets, decreasing the com-

putational demands for subsequent steps and concentrating the model’s attention on dominant

features.

Next, we implement a cross-attention mechanism to integrate information from the audio and

visual domains efficiently. This process is pivotal for aligning and accentuating pertinent features

across modalities. The cross-attention for any downsampled feature set F′ is computed as:

Attention(Q,K, V ) = Softmax
(
QKT

√
dk

)
V (5.2)

Where Q = WQF′, K = WKF′, and V = WVF′ are the query, key, and value matrices,

respectively, with learnable parameters WQ, WK, and WV. The dimension dk is the scaling

factor, typically set to the dimension of the key vectors.

Cross-modal interactions are facilitated through the computation of projection matrices for both

audio and video acting as queries:

PX = Attention(x′WX
Q,a

′WA
K,a

′WA
V) (5.3)

PA = Attention(a′WA
Q,x

′WX
K,x

′WX
V) (5.4)
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In these equations, WX
Q, WX

K, WX
V are the query, key, and value matrices for the video features,

and WA
Q, WA

K, WA
V are those for the audio features. These matrices enable the mapping of

audio features in response to video queries and vice versa. The resulting PX and PA represent

the enriched feature sets, now blended with both audio and visual information, ready for advanced

processing and decision-making.

5.1.2 Gated Audio-Visual Fusion

To further refine our fusion process, we introduce a gating mechanism that adaptively scales the

contribution of audio and visual features based on the context of the visual content. For each

downsampled visual feature x′, a gating scalar g is computed using a sigmoid function:

g = σ(FC(x′)) (5.5)

Here, σ is the sigmoid activation function, which ensures g remains in the range [0, 1], and

FC represents a fully connected layer. The gating scalar adjusts the cross-modal projections as

follows:

PX,GATED = g ·PX, (5.6)

PA,GATED = (1− g) ·PA (5.7)

The aggregated feature representation after gating is then:

FGATED COMBINED = Conv1D([PX,GATED;PA,GATED]) (5.8)

5.1.3 Regression and Classification

Each temporal layer outputs gated features to the classification and regression heads for detecting

action instances. The output for each instant t in feature pyramid layer l is expressed as:
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ôlt = (ĉlt, d̂
l
st, d̂

l
et) (5.9)

We adopt the same loss function as described in [196, 252, 250]. The total loss L is computed

as:

L = Lpos + Lneg (5.10)

where Lpos and Lneg represent the losses for positive and negative samples, respectively. Lpos

is calculated for the positive samples as follows:

Lpos =
1

npos

∑
l,t

1{clt>0}(σIoULcls + Lreg) (5.11)

Here, npos denotes the number of positive samples, and the indicator function 1{clt>0} selects

those samples. The term σIoU represents the temporal IoU between the predicted segment and

the ground truth action instance, which is used to re-weight the classification loss Lcls based on

the quality of the regression. The regression loss is denoted as Lreg.

Lneg is computed for the negative samples:

Lneg =
1

nneg

∑
l,t

1{clt=0}Lcls (5.12)

In this case, nneg represents the number of negative samples, and the indicator function 1{clt=0}

identifies the samples where the predicted class is zero. Only the classification loss Lcls is

applied here.

The total loss L combines the contributions from both positive and negative samples. The

temporal IoU σIoU is crucial in weighting the classification loss, ensuring that instances with

better regression quality have a greater impact during training.

5.2 Implementation Details

This section offers additional details of the visual and audio feature extraction process.
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5.2.1 Visual Features

We use the features provided by existing works in TAL [250, 124, 233]. For EPIC-Kitchens,

features are extracted using a SlowFast network [62] pre-trained on EPIC-Kitchens [45]. During

extraction, we use a 32-frame input sequence with a stride of 16 to generate a set of 2304-D

features. For THUMOS 14, we use features extracted via a pre-trained I3D network [31] trained

on Kinetics 400 [268], generating a 32-frame input sequence with a stride of 16 and 2048-D

features. These are the same features used in all comparative works.

5.2.2 Audio Features

For the audio pre-processing and feature extraction, we followed a series of well-established

steps to derive meaningful representations:

1. Resampling: All audio data was resampled to a uniform rate of 16 kHz in mono.

2. Spectrogram Computation: We computed the spectrogram by extracting magnitudes

from the Short-Time Fourier Transform (STFT). This utilised a window size of 25 ms, a

hop size of 10 ms, and a periodic Hann window for the analysis.

3. Mel Spectrogram Mapping: The computed spectrogram was then mapped to a mel scale,

producing a mel spectrogram with 64 mel bins that cover the frequency range from 125

Hz to 7500 Hz.

4. Log Mel Spectrogram Stabilization: To enhance the stability and avoid issues with the

logarithm function, we calculated a stabilised log mel spectrogram as:

Log-Mel = log(Mel-Spectrogram + 0.01)

Here, the offset of 0.01 prevents the computation of the logarithm of zero.

5. Framing: Finally, the derived features were segmented into non-overlapping examples

spanning 0.96 seconds each. Every example encapsulates 64 mel bands and 96-time

frames, with each frame lasting 10 ms.
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Following extraction, the features are projected to 128-D features via a VGG audio encoder

network [84] pre-trained on AudioSet [70]. The network outputs embeddings of shape T × 128

where T is the temporal input dimension.

5.3 Results

We evaluate our method on the Epic-Kitchens-100 and THUMOS-14 datasets. These are standard

TAL datasets featuring detailed annotations for action localisation.

5.3.1 Datasets

EPIC-Kitchens 100 [44]

EPIC-Kitchens-100 is an egocentric dataset with two egocentric tasks: noun localisation (e.g.

door) and verb localisation (e.g. open the door). It has 495 and 138 videos, with 67,217 and

9,668 action instances for training and inference, respectively. The number of action classes

for nouns and verbs is 300 and 97. We follow all other methods [124, 250, 40, 249, 193], and

report the mean average precision (mAP) at different intersections over union (IoU) thresholds

with the average mAP computed over [0.1:0.5:0.1] in Table 5.1.

THUMOS-14 [101]

THUMOS-14 is a benchmark action detection dataset containing untrimmed videos across 20

action classes. It includes 200 validation videos and 213 test videos. The training set is sourced

from the UCF101 dataset. For evaluation, we use the 213 test videos containing 3,358 action

instances. Consistent with previous works [124, 250, 40, 249, 193], we report the mean average

precision (mAP) at the different intersections over union (IoU) thresholds, specifically at [0.3,

0.4, 0.5, 0.6, 0.7]. The average mAP is computed and presented in Table 6.1.

5.3.2 Evaluation

EPIC-Kitchens 100



80Chapter 5. Multi-Resolution Audio-Visual Feature Fusion for Temporal Action Localization

Task Method
tIoU

0.1 0.2 0.3 0.4 0.5 Avg

Verb

BMN [124, 45] 10.8 9.8 8.4 7.1 5.6 8.4
G-TAD [233] 12.1 11.0 9.4 8.1 6.5 9.4

ActionFormer [250] 26.6 25.4 24.2 22.3 19.1 23.5
TemporalMaxer [193] 27.8 26.6 25.3 23.1 19.9 24.5

ActionFormer + MRAV-FF 27.6 26.8 25.3 23.4 19.8 24.6
TemporalMaxer + MRAV-FF 28.5 27.4 26.0 23.7 20.12 25.1

Noun

BMN [124, 45] 10.3 8.3 6.2 4.5 3.4 6.5
G-TAD [233] 11.0 10.0 8.6 7.0 5.4 8.4

ActionFormer [250] 25.2 24.1 22.7 20.5 17.0 21.9
TemporalMaxer [193] 26.3 25.2 23.5 21.3 17.6 22.8

ActionFormer + MRAV-FF 26.4 25.4 23.6 21.2 17.4 22.8
TemporalMaxer + MRAV-FF 27.4 26.2 24.4 21.8 17.9 23.5

Table 5.1: The performance of our proposed method on the EPIC-Kitchens 100 dataset. [45]

Task Method
tIoU

0.1 0.2 0.3 0.4 0.5 Avg

Verb

Concatenation 28.02 26.96 25.5 23.48 19.87 23.89
Channel Pooling 25.63 24.59 23.09 21.14 17.95 23.06

MRAV-FF 28.5 27.4 26.0 23.7 20.12 25.1

Noun

Concatenation 26.39 25.42 23.57 21.19 17.42 22.8
Channel Pooling 25.7 24.53 22.95 20.52 17.04 22.21

MRAV-FF 27.4 26.2 24.4 21.8 17.9 23.5

Table 5.2: Results for an ablation experiment on EPIC-Kitchens 100 [45] TAL task, where we
replace the MRAV-FF module with existing approaches to feature fusion, including concatenated
projection and channel pooling. We observe that simple fusion methods hinder performance
compared to uni-modal FPN networks, demonstrating the need for a more nuanced fusion
strategy.

We show the effectiveness of our audio-fusion method in increasing the performance of unimodal

models by adding our MRAV-FF to the best-performing existing FPN networks and evaluating

them on EPIC-Kitchens 100. We also show how our method improves the performance of both

ActionFormer and TemporalMaxer by +0.9 mAP and +0.4 mAP for verbs and +0.9 and +0.7 for

nouns.

Furthermore, in Tab 5.3, we evaluate our method with other approaches to audio-visual fusion

for TAL on EPIC-Kitchens. We show a significant increase in performance, which can be

attributed to both the effectiveness of the FPN structure for audio-visual temporal pooling and

our MRAV-FF fusion module. The lack of available comparative methods for audio-visual fusion

further illustrates the importance of updated baselines in this field.
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Task Method
tIoU

0.1 0.2 0.3 0.4 0.5 Avg

Verb

Damen [46] 10.83 9.84 8.43 7.11 5.58 8.36
AGT [152] 12.01 10.25 8.15 7.12 6.14 8.73
OWL [166] 14.48 13.05 11.82 10.25 8.73 11.67
MRAV-FF 28.5 27.4 26.0 23.7 20.12 25.1

Noun

Damen [46] 10.31 8.33 6.17 4.47 3.35 6.53
AGT [152] 11.63 9.33 7.05 6.57 3.89 7.70
OWL [166] 17.94 15.81 14.14 12.13 9.80 13.96
MRAV-FF 27.4 26.2 24.4 21.8 17.9 23.5

Table 5.3: The performance of our proposed method on the EPIC-Kitchens 100 dataset [45]
compared to existing approaches for audio-visual feature fusion on TAL. Our method demon-
strates a large performance increase jointly attributed to adding feature pyramid architecture and
our fusion strategy.

THUMOS 14

Finally, we also evaluate the method on the THUMOS14 dataset, which [97] contains 200

validation videos and 213 testing videos with 20 action classes. THUMOS14 presents a different

challenge to egocentric videos since the videos are heavily edited and include many actions that

need audio-visual alignment. For example, many videos are of sporting events with no localised

audio information, contain music or narration, or have no audio. Due to these challenges, no

existing TAL audio-visual fusion works, to our knowledge, test their methods on THUMOS14.

Following previous work [124, 125, 233, 256, 250], we trained the model on the provided

validation set and evaluated it on the test set. This is because temporal boundaries are not

available for the training samples. Our results in Tab 5.4 demonstrate that our method struggles

to handle this audio-visual disparity, only improving on the 0.7 IOU threshold. Our results are

very similar to [193], suggesting that the audio provides no additional helpful information for

the localisation task. Reviewing the Thumos dataset, we can observe that many of the classes are

sports-related or instructional, with commentary, music and narration. To deal with such video

data, our method could be improved by adding a speech-to-text network for narrated videos to

look for additional context clues for boundary detection or to develop an audio-visual alignment

classifier before processing the embeddings to the gating network to filter out such samples.
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Type Model Feature
tIoU↑

time(ms) ↓
0.3 0.5 0.7 Avg.

Two-Stage

BMN [124] TSN [213] 56.0 38.8 20.5 38.5 483*
DBG [121] TSN [213] 57.8 39.8 21.7 39.8 —

G-TAD [233] TSN [213] 54.5 40.3 23.4 39.3 4440*
BC-GNN [14] TSN [213] 57.1 40.4 23.1 40.2 —
TAL-MR [256] I3D [31] 53.9 45.4 28.5 43.3 >644*
P-GCN [249] I3D [31] 63.6 49.1 — — 7298*

P-GCN [249] +TSP [6] R(2+1)1 D [203] 69.1 53.5 26.0 50.5 —
TSA-Net [74] P3D [162] 61.2 46.9 25.2 45.1 —
MUSES [130] I3D [31] 68.9 56.9 31.0 53.4 2101*
TCANet [160] TSN [213] 60.6 44.6 26.7 44.3 —

BMN-CSA [186] TSN [213] 64.4 49.2 27.8 47.7 —
ContextLoc [266] I3D [31] 68.3 54.3 26.2 50.9 —

VSGN [255] TSN [213] 66.7 52.4 30.4 50.2 —
RTD-Net [192] I3D [31] 68.3 51.9 23.7 49.0 >211*

Disentangle [267] I3D [31] 72.1 57.0 28.5 53.5 —
SAC [239] I3D [31] 69.3 57.6 31.5 54.0 —

Single-Stage

A²Net [240] I3D [31] 58.6 45.5 17.2 41.6 1554*
GTAN [134] P3D [162] 57.8 38.8 — — —

PBRNet [128] I3D [31] 58.5 51.3 29.5 — —
AFSD [122] I3D [31] 67.3 55.5 31.1 52.0 3245*
TAGS [148] I3D [31] 68.6 57.0 31.8 52.8 —
HTNet [106] I3D [31] 71.2 61.5 39.3 58.0 —
TadTR [131] I3D [31] 74.8 60.1 32.8 56.7 195*

GLFormer [82] I3D [31] 75.9 67.2 41.8 62.9 —
AMNet [131] I3D [31] 76.7 66.8 42.7 63.3 —

ActionFormer [250] I3D [31] 82.1 71.0 43.9 66.8 80
ActionFormer [250] + GAP [147] I3D [31] 82.3 71.4 44.2 66.9 >80

TemporalMaxer I3D [31] 82.8 71.8 44.7 67.7 50
TemporalMaxer + MRAVFF I3D [31] + Audio [84] 82.2 71.5 45.3 67.4 60

Table 5.4: Performance of our method on the THUMOS dataset for TAL. We observe that
audio-visual fusion on edited videos is much more challenging than the raw-video setting due to
the addition of background music, narration, and audio-visual misalignment.
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5.3.3 Ablation Experiments

We perform initial ablation experiments to evaluate the performance of our proposed method and

present the results in Tab 5.2. Each experiment is conducted on EPIC-Kitchens, where we edit the

temporal fusion method in each temporal block. We first exchange our MRAV-FF temporal block

for simple feature fusion in which we concatenate and project the audio-visual features at each

temporal scale via a 1D-CNN. We notice that this harms network performance over unimodal

features, demonstrating the need for a gated approach to fusion. Similarly, we replace the block

with a max-pooling layer inspired by [193], which pools channel-wise for feature fusion. Again,

this method hurts network performance. We note that although the average increase in the

performance of our method appears small when compared with channel pooling over each

temporal dimension, we improve performance significantly in the lower tIOU thresholds. As

we increase the threshold, the task becomes much easier, and as such, other methods perform

comparatively well.

5.4 Conclusion

This chapter discussed the challenge of fusing audio-visual features for more detailed video-

understanding tasks such as temporal action localisation. We show how adding audio features

does not improve performance and requires careful design considerations depending on the

dataset and application. While we significantly improve performance on the EPIC-KITCHENS

dataset, which contains long unedited videos, our method needs to improve on datasets where

the audio is heavily edited or misaligned, for example, when there is background music or

narration. Unfortunately, only a few datasets contain detailed action annotations with unedited

audio channels. Obtaining these annotations can be time-consuming and expensive, so they

are only feasible in some real-world settings. In the next chapter, we address this problem

and introduce a new method to perform temporal action localisation with just a few labelled

examples by leveraging pre-trained vision-language networks and prompt learning.
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Chapter 6

Prompt Learning with Optimal

Transport for Few-Shot Temporal

Action Localization

In the previous chapter, we introduced a novel method for audio-visual fusion in temporal action

localisation. Now, we focus on incorporating text as an additional modality, which presents

unique challenges and opportunities. Vision-language models for video processing allow users

to query videos using natural language, enabling applications such as video editing, retrieval,

and action detection. This capability transforms fields like automated video summarisation,

content recommendation, advanced security systems, and human-computer interaction.

For example, vision-language models can automate the search for specific scenes based on textual

descriptions in video editing, significantly reducing manual editing time. In video retrieval, users

can search for clips containing particular actions or events described by text, which is invaluable

for media companies with vast video archives. Additionally, in action detection, these models

can improve the precision and recall of identifying activities within videos, which is crucial for

applications like surveillance and sports analytics.

Despite these promising applications, implementing vision-language models in real-world sce-

narios presents significant challenges. One primary difficulty is the scarcity of annotated datasets

essential for training these models. Creating datasets that link text descriptions to correspond-

85
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ing video segments is labour-intensive and time-consuming. The diversity and complexity of

real-world videos, with varying lighting conditions, camera angles, and background activities,

further complicate the annotation process. Another challenge is the high computational cost

of training and deploying vision-language models, which often require substantial processing

power and memory. Moreover, integrating temporal dynamics into these models—understanding

how actions evolve within a video—adds another layer of complexity.

Few-shot learning emerges as a solution, aiming to generalise from a limited number of examples

and reducing the need for large annotated datasets. Current approaches to few-shot learning for

temporal action localisation typically involve meta-learning, where each test video is aligned

with a small subset of training data in many ‘episodes.’ These methods require learning a model

from initialisation, consuming significant memory and compute resources. Adapting pre-trained

image encoders from large-scale vision-language pre-trained (VLP) models like CLIP [164] and

Align [119] is one approach, but these networks are prone to over-fitting in few-shot scenarios.

Moreover, adapting image CLIP encoders to video ignores the rich temporal dynamics essential

for classification.

A recent training paradigm, prompt learning, reduces the number of trainable parameters by

fixing all model parameters except for a learnable context vector added to the prompt to align

it with image features. However, single prompt learning methods tend to optimise towards

the average of the features, which lacks discriminative ability. In temporal action localisation,

determining the exact boundaries of an action is crucial. A single learnable prompt will likely

have high cosine similarity over a wide range of temporal features, leading to poor action

boundary detection and, instead, using multiple prompts for each action, encompassing various

views over the video, where each prompt aligns with different foreground or background views.

In this chapter, we introduce a novel methodology to overcome these challenges. We employ

a pre-trained contrastive-language image network, which we adapt to map video features in

the text captions. Rather than fine-tune the network, we introduce additional, parameterised

context prompts for each caption and align these with the extracted features using Optimal

Transport. As shown in Fig 6.1, This approach enhances the classification of action boundaries by

utilising multiple context prompts for each class while requiring only a few trainable parameters.

Furthermore, integrating a Feature Pyramid Network ensures these prompts are aligned across
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multiple temporal scales and resolutions, improving the model’s generalisability across diverse

temporal speeds and contexts.

A video of a golf swing

Figure 6.1: Existing methods either learn a single prompt to identify the location and class of a
given action or construct a prompt, but learning multiple complimentary views can help with
class generalisation and temporal discrimination within the video. Green frames indicate the
ground truth foreground features. A single handcrafted prompt will have high cosine similarity
over all of the video frames. However, learning multiple prompts enables us to learn specific
views that can help discriminate between background and foreground features. In this example,
the handcrafted prompt contains elements that will appear throughout the video, while the
learned prompts align with individual elements that can be composed to identify the foreground
feature.

Through this approach, we aim to significantly reduce the barriers to entry for TAL applications,

making it more feasible to apply these technologies to a broader range of domains and datasets

with limited annotations.

6.0.1 Optimal Transport

This chapter primarily focuses on integrating Optimal Transport (OT) to map text prompts onto

specific foreground and background features in video content, facilitating more accurate temporal

activity localisation. The foundational principle of OT, tracing back to the 18th-century work

of Gaspard Monge [208], involves determining the most cost-effective method for relocating

mass from one distribution to another. Over the years, OT has been applied to diverse fields

such as economics [69], fluid dynamics [39], and more contemporarily, in machine learning and

computer vision [197].

One of the core strengths of OT lies in its ability to handle distributional differences effectively.

Unlike pointwise similarity measures, OT is designed to align entire distributions, making it
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ideal for comparing the sequence of features extracted from video data with the distribution

of learned prompts. This characteristic allows OT to account for the global structure of these

distributions, leading to more robust and context-aware alignment.

Furthermore, OT excels in contextual matching. By considering the context within which features

exist, OT facilitates more accurate alignment of sequences, which is crucial for actions defined

by a series of motions. This is particularly beneficial compared to simpler metrics that may

overlook broader temporal contexts, ensuring that the model captures the intricate relationships

between different temporal segments.

Additionally, OT provides soft assignment and flexibility in matching. This capability allows

OT to distribute the ”mass” across multiple prompts, accommodating scenarios where a video

segment corresponds to multiple actions or where action boundaries are blurred. Such flexibility

represents a significant improvement over traditional similarity-based methods that often enforce

hard assignments, potentially leading to suboptimal matches.

Historically, the computational intensity and sensitivity to outliers of the OT problem posed

significant challenges in direct applications, particularly within the high-dimensional settings

typical in machine learning and computer vision domains. These obstacles were largely mitigated

by the introduction of entropy regularisation [41], simplifying the computational process through

iterative scaling algorithms and ensuring a unique, stable solution. Such advancements facilitate

the use of parallel computing, substantially reducing the time required for computations [42, 24].

Recent studies have showcased novel applications of OT in machine learning. For instance,

Yang et al. utilised OT for efficient attention allocation between optical flow and RGB features,

aiming to learn a structure matrix that encapsulates dependencies among modalities within each

frame [239]. Another notable application by Chen et al. involves aligning multiple text prompts

with feature maps for enhanced few-shot image classification. They proposed treating local

visual features and prompts as samplings from two discrete distributions. They also employed

OT to foster fine-grained cross-modal integration, utilising CLIP multi-head self-attention layer

outputs to extract feature maps [35].

Our work explores the applicability of similar OT strategies to temporal activity localisation

tasks. By conceptualising the optimal transport between temporal features and multiple text

prompts as samplings from discrete distributions, we aim to harness OT’s potential to refine the
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Figure 6.2: An overview of the approach. A.) We sample T overlapping segments of videos
V . B.) For each class label K, we randomly initialize N learnable vectors concatenated with
the class label. C.) Video features are extracted via a pre-trained 3D CNN encoder (I3D ) while
N prompts for each class k are also extracted via the pre-trained CLIP text encoder. D.) We
temporally downsample the features using max-pooling. E.) We search the optimal transport
plan between the N prompt features and video segments at each temporal level. Following this
stage, we sum all N vectors for each K. F.) At each temporal level L, we compute the cosine
similarity between each prompt vector Pk and each video segment xi and then apply a threshold
to retrieve action candidates. These candidates are passed to the regression head, minimising the
distance between the start and end actions and each embedding. Only components with the fire
symbol are trained, and all others are frozen.

alignment of textual and visual modalities, thereby improving model performance in dynamic

video content contexts.

6.1 Methodology

We propose a novel framework for Temporal Action Localisation (TAL) in untrimmed videos.

Our approach integrates pre-trained feature extraction, adaptive prompt learning, and efficient

feature-prompt alignment via the Sinkhorn algorithm. An overview of the network architecture

is shown in Fig 4.1

We aim to learn a generalisable representation for each action instance tuple, (si, ei, ai), where

si represents the starting time or onset of the action instance, ei denotes the ending time or offset
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of the action instance, and ai specifies the action category or label. We use minimal annotated

examples, optimising for the accurate classification of action types and precise localisation

of their temporal boundaries. Integrating pre-trained feature extractors minimises the model’s

dependency on extensive training data, aligning with the resource-intensive nature of video

processing tasks.

Considering an untrimmed input video as V, we represent it as a set of feature vectors tokenised as

V = {x1,x2, . . . ,xt}. Each xt corresponds to discrete time steps, t = {1, 2, . . . , T}. Notably,

the total duration T is not constant and may differ across videos. For illustrative purposes, xt

can be envisaged as a feature vector extracted from a 3D convolutional network at a specific

time t within the video. The primary objective of TAL is to identify and label action instances in

the input video sequence V. These instances are collectively denoted as Y = {y1, y2, . . . , yn},

where N signifies the total number of action instances in a given video. This value can be

variable across different videos.

The parameters must adhere to the conditions: si, ei ∈ {1, . . . , T}, ai ∈ {1, . . . , C} (with C

indicating the total number of predefined action categories), and si < ei, which ensures the

starting time precedes the ending time for every action instance.

In the few-shot setting, we aim to learn some general representation of each action instance Y

using only a limited number of annotations that we can later classify the action onsets, offsets,

and class labels of unseen videos. Since video understanding tasks are typically resource and

data-intensive, we also want to minimise the number of trainable parameters in the model.

6.1.1 Feature Extraction and Representation

Given the untrimmed input video V, we extract a sequence of feature vectors {x1,x2, . . . ,xt}

corresponding to each time step t, using a 3D convolutional network. The extraction process is

formalised as follows:

xt = fcnn(vt), t = 1, 2, . . . , T, (6.1)

where vt denotes the input from the video at time t, and fcnn represents the 3D convolutional

network function.



6.1. Methodology 91

To further refine these features and incorporate contextual information, we apply a 1D convolu-

tional layer:

x′
t = fconv(xt), t = 1, 2, . . . , T, (6.2)

where fconv denotes the convolutional operation, which is designed to enhance the local temporal

feature representation as demonstrated in [250, 181, 193].

6.1.2 Adaptive Prompt Learning

In the few-shot training set, we introduce additional learnable prompts for each class to ensure

we can align with multiple views in various temporal dimensions. For each action category k,

we generate N prompts Pk = {pk1,pk2, . . . ,pkn}, each consisting of the class label and nctx

context vectors, encoded as:

pki = fclip(labelk, ctxk1, . . . , ctxknctx), (6.3)

where fclip signifies the encoding function from a pre-trained CLIP model, integrating the

semantic content of the action categories into the model.

6.1.3 Optimal Transport with Sinkhorn Algorithm

We aim to align each class’s N learnable prompts with the most similar video features in cosine

similarity. This is performed via optimal transport with the Sinkhorn Algorithm [41] to ensure

the method is tractable and efficient.

To align the refined video features {x′
1,x

′
2, . . . ,x

′
t} with the adaptive prompts Pk for each

action category k, we employ the Optimal Transport (OT) metric as a critical tool. The OT

metric quantifies the discrepancies between two distributions, which, in our context, are the

distributions of video features and prompt embeddings. Formally, let us denote the distributions

of video features and prompts as:

u =

T∑
t=1

utδx′
t

and vk =

N∑
i=1

vkiδpki
, (6.4)
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where δx′
t

and δpki
represent Dirac delta functions centered at the video feature x′

t and prompt

embedding pki, respectively. The vectors u and vk are normalized such that
∑T

t=1 ut = 1 and∑N
i=1 vki = 1, ensuring they represent discrete probability distributions.

The cost matrix C, with elements Cti, defines the cost of transporting mass from video feature

x′
t to prompt embedding pki. The cost is typically inversely related to the similarity between

x′
t and pki, such as Cti = 1− sim(x′

t,pki). The goal of OT is to find a transport plan T that

minimizes the total transport cost:

dOT(u,vk|C) = min
T

⟨T,C⟩, subject to T1N = u, T⊤1M = vk, T ∈ RM×N
+ . (6.5)

Due to the computational intensity of solving this problem, we apply the Sinkhorn Algorithm

[41] with entropic regularisation for efficient optimisation. The regularization introduces an

entropy term h(T) = −
∑

t,i Tti log Tti to the optimization objective:

dOT,λ(u,vk|C) = min
T

⟨T,C⟩ − λh(T), subject to T1N = u, T⊤1T = vk. (6.6)

The Sinkhorn algorithm iteratively adjusts T to satisfy the constraints efficiently, using updates

based on matrix scaling operations. The iterative process converges to an optimal transport plan

T∗, representing the optimal alignment between video features and prompts. This alignment

guides identifying and classifying action instances by optimally matching video segments to

their corresponding semantic labels.

6.1.4 Temporal Pyramid and Feature Integration

Since actions can occur at a wide range of speeds and temporal intervals, as in the previous

chapter, we utilise a temporal feature pyramid network [193] to optimise prompt alignments over

multiple temporal scales. To do so, we construct a temporal pyramid from the refined features

{x′
1,x

′
2, . . . ,x

′
t} by applying a max-pooling operation at each level of the pyramid with a stride

of 2, effectively halving the temporal dimension at each step:

X′
l = MaxPool(X′

l−1), l = 2, . . . , L, (6.7)
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where X′
l represents the set of features at level l of the pyramid. This hierarchical structure is

crucial for integrating temporal information across different scales, enabling the nuanced capture

of action dynamics from coarse to fine temporal resolutions.

6.1.5 Multi-Resolution Temporal Alignment

For each level of the temporal pyramid, we employ the Optimal Transport (OT) metric to align the

video features at that scale, {x′
1,l,x

′
2,l, . . . ,x

′
t,l}, with the adaptive prompts Pk corresponding

to each action category k. This alignment is performed separately at each level l of the feature

pyramid, allowing for a multi-scale analysis sensitive to the temporal granularity of actions.

The OT problem at each pyramid level l is defined as follows:

dOT,λ(ul,vk,l|CL) = min
TL

⟨TL,CL⟩ − λh(TL), (6.8)

subject to TL1N = ul, TL
⊤1T = vk,l, for each pyramid level l. Here, CL represents the cost

matrix at level l, and ul,vk,l are the distributions of video features and prompts at this specific

scale, respectively.

We then adopt the same two-stage optimisation process proposed in [35], which consists of an

inner loop, during which we find the optimal alignment between features and prompts, and then

an outer loop in which we update the learnable parameters.

Within the inner loop, for each level l of the temporal pyramid, we fix the feature sets FL and

prompt sets GK,L, and minimize the OT distance to optimally align GK,L to FL. The cost matrix

CL is computed to reflect the cosine similarity between the features and prompts at that scale:

CL = 1− FL
⊤GK,L. (6.9)

This minimization results in an optimized transport plan T∗
L and the corresponding OT distance

dOT,l(k).

In the outer loop, with the transport plans T∗
L determined for each level of the pyramid, we update

the learnable vectors across all scales. This holistic optimisation ensures that our model can
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adaptively align video features with textual prompts at varying temporal resolutions, enhancing

its ability to localise and classify actions within untrimmed videos accurately.

6.1.6 Decoder Architecture

Following the multi-scale alignment of video features with adaptive prompts through the Optimal

Transport framework, our decoder architecture is designed to leverage these aligned features for

sequence labeling and action boundary detection. Unlike conventional CNN-based decoders, our

approach utilises the optimally aligned video features across each scale of the temporal pyramid

to predict a sequence of action labels.

For each temporal scale l, the decoder generates a probability distribution for action classifica-

tions using a sigmoid activation function:

cl = σ(x′
t,l), (6.10)

where x′
t,l denotes the aligned video feature at time t and scale l.

Furthermore, to accurately predict the start and end times of actions, a lightweight regression

mechanism is employed:

ol = ReLU(Wo · x′
t,l), (6.11)

where Wo represents trainable weights for the regression task.

By integrating the optimally aligned features from multiple scales of the temporal pyramid,

the decoder architecture effectively enhances the model’s capability to recognise and localise

actions, considering the diverse temporal scales inherent in video data.

6.1.7 Learning Objective

The learning objective aims to minimise the total loss, encompassing TAL’s classification and

localisation aspects. This is achieved through a combination of Focal Loss for handling class

imbalance in action classification and DIoU Loss for improving the accuracy of action boundary

predictions:

Ltotal =

T∑
t=1

(
Lcls(ĉt, ct) + 1{ct>0}Lreg(ôst , ôet , ost , oet)

)
(6.12)
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where Lcls is the classification loss computed using Focal Loss as outlined in the previous

chapter, Lreg is the regression loss computed using DIoU Loss, ĉt and ct represent the predicted

and true action categories, respectively, and ôst , ôet , ost , oet denote the predicted and true start

and end times of actions. The indicator function 1{ct>0} ensures that regression loss is only

applied to positive samples, i.e., time steps where an action is present.

6.2 Implementation Details

This section provides details on implementation, including feature extraction and training. We

also give algorithms to demonstrate the two-stage prompt alignment method.

6.2.1 Feature Extraction

Features are extracted from a pre-trained I3D network [268] trained on the Kinetics-600 dataset

[109, 268] in a supervised setting. We extract the optical flow and RGB output embeddings,

which are then concatenated to form a 2048×T embedding, where T is the total number of video

segments. Each video segment refers to 16 frames sampled at 30 FPS with a stride of 4 frames.

This is the standard feature extraction pipeline used in all previous TAL works [250, 181]. To

deal with variable frame lengths T , we pad all samples to T = 2048, which accounts for the

length of all videos. During training, we include a mask to represent the zero-padded regions

and apply the mask after each operation.

6.2.2 Training

We train each model for 100 epochs, except for when we increase the number of shots above 15,

in which case we train for 200. We randomly initialise the ctx embedding vectors and append

them to the start of the prompt. All models are trained with a batch size of 2 on a single NVIDIA

RTX 3090 24GB GPU. The memory required for training the model on THUMOS’14 with a

batch size of 2 and when N = 4 is 5GB. We include a summary of the method in 1.

The optimal transport is optimised in a two-stage process as proposed in [35] where we find

the transport cost between the video features and prompts in the inner loop. After converging
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Algorithm 1 Overview of TAL-PLOT method
1: Input: Untrimmed input video V
2: Output: Action instances Y = {y1, y2, . . . , yn}
3: Feature Extraction and Representation:
4: for t = 1 to T do
5: Extract feature vector xt = fcnn(vt) using a 3D CNN
6: Refine features x′

t = fconv(xt) with a 1D convolutional layer
7: end for
8: Adaptive Prompt Learning:
9: for each action category k do

10: Generate N prompts Pk = {pk1,pk2, . . . ,pkn} using fclip
11: end for
12: Optimal Transport with Sinkhorn Algorithm:
13: for each action category k do
14: Align features {x′

1, . . . ,x
′
t} with prompts Pk using OT

15: end for
16: Temporal Pyramid and Feature Integration:
17: Construct temporal feature pyramid X′

l with max-pooling
18: Multi-Resolution Temporal Alignment:
19: for l = 1 to L do
20: Align features at level l of the pyramid with Pk

21: end for
22: Decoder Architecture:
23: Use aligned features to predict action labels ≩ and boundaries OL
24: Learning Objective:
25: Minimize total loss Ltotal with Focal Loss and DIoU Loss
26: return Y
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the Sinkhorn algorithm, we use the backward pass to update the learnable prompts. For the

parameters, we follow the setup in [35] where δ = 0.01, λ = 0.1, and we perform 100 iterations

within the inner loop. We generate results over 4 random seeds and report the average. Further

details are provided in Algorithm 2.

Algorithm 2 Optimal Transport Sinkhorn Algorithm for Few-Shot TAL

1: Input: Untrimmed input video V, pre-trained model features fcnn, number of prompts N ,
entropy parameter λ, maximum number of iterations Tin, Tout

2: Output: Optimized prompt parameters {ωn}Nn=1

3: Initialize prompt parameters {ωn}Nn=1

4: for tout = 1 to Tout do
5: Obtain a visual feature set F ∈ RM×C with the visual encoder fcnn(xt)
6: Generate prompt feature set Gk ∈ RN×C for each class with textual encoder

g(labelk, ctxk1, . . . , ctxknctx)
7: Calculate the cost matrix Ck = 1− F⊤Gk for each class
8: Calculate the OT distance with an inner loop:
9: Initialize v(0) = 1, δ = 0.1,∆v = ∞

10: for tin = 1 to Tin do
11: Update u(tin) = u/(exp(−C/λ)v(tin−1))
12: Update v(tin) = v/(exp(−C/λ)⊤u(tin))
13: Update ∆v =

∑
|v(tin) − v(tin−1)|/N

14: if ∆v < δ then
15: Break
16: end if
17: end for
18: Obtain optimal transport plan T∗

k = diag(u(t)) exp(−Ck/λ)diag(v(t))
19: Calculate the OT distance dOT(k) = ⟨T∗

k,Ck⟩
20: Calculate the classification probability pOT(y = k|x) with the OT distance
21: Update the parameters of prompts {ωn}Nn=1 with cross-entropy loss LCE
22: end for
23: return Optimized prompt parameters {ωn}Nn=1

6.3 Results

We evaluate our method against three standard benchmark datasets for Temporal Activity

Localisation and report our results. Unless otherwise stated, we randomly select five samples

for each class in each dataset, train for 100 epochs, and evaluate over the whole test set. In the

few-shot setup, this is referred to as 5-shot, C-way. In THUMOS-14[102] this is 5-shot 20-way,

for ActivityNet [28] it is 5-shot 200-way, and for EPIC-Kitchens[44] it is 5-shot 300-way for

nouns and 5-shot-97-way for the verb partition.
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6.3.1 Datasets

We have already introduced the THUMOS-14 and EPIC-Kitchens-100 datasets in the previous

chapter, but in this chapter, we also evaluate the method on the ActivityNet dataset. ActivityNet

1.3 [28] is a large-scale dataset for human activity recognition and action localisation. It features

approximately 20,000 untrimmed videos richly annotated across 200 action classes. This dataset

is particularly noted for its realistic and diverse settings, capturing various human actions from

daily life to sports and recreational activities. ActivityNet 1.3 provides over 23,000 temporal

annotations, making it one of the most extensive datasets for TAL. The videos span a total

of around 700 hours, with each video containing multiple actions. We test on ActivityNet to

demonstrate how our method is effective in a range of environments and actions.

6.3.2 Comparative Methods

No current methods approach the few-shot temporal action localisation task with multiple

prompt learning for each class. In [146], the authors present a multimodal setup with single

prompt learning. However, they train the network in a meta-learning setup, train and test on

disjoint sets, and use score fusion to correct misclassified segments (combining scores from

UntrimmedNet [212]). Therefore, we assess our method’s effectiveness against SOTA prompt

learning frameworks and apply them to the task of TAL. First, for CoOP [264]- we initialize 16

learnable ctx tokens for each prompt. We also include two further baselines. Baseline I removes

the optimal transport component labelled section (e) in Figr̃effig:method by taking the mean

of the N learnable prompts to form one prompt for further processing in section (f). We also

apply a linear probe (Baseline II - LP) as outlined in [164] and [35] replacing sections (e) and

(f) with local self-attention and a CNN layer directly to the pre-trained I3D embeddings.

6.3.3 Evaluation

This section evaluates our approach against existing methods for both few-shot temporal action

localisation and prompt learning.

To compare with previous works, we report the mean average precision (mAP) at various

intersections over union for all results.
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Table 6.1: Performance comparison of our proposed method PLOT-TAL on the THUMOS-14
dataset against baselines.

Method mAP@0.3 mAP@0.4 mAP@0.5 mAP@0.6 mAP@0.7 Avg (mAP)

Baseline I (avg) 37.3 32.93 26.88 18.17 8.83 24.82
Baseline II (lp) 51.98 46.5 36.79 25.62 14.66 35.11
CoOP 48.73 43.67 36.64 27.24 16.97 34.65

PLOT-TAL CLS 53.46 48.93 38.2 30.2 18.8 38.24
PLOT-TAL Verbose 56.42 50.54 42.48 32.35 21.17 40.59

THUMOS-14

In Tab 6.1, we show results for 5-shot 20-way TAL on the THUMOS’14 dataset for our approach

PLOT-TAL CLS. Adding additional class prompts can improve performance over a single prompt

by a large margin (↑ 5.9). We also show how it’s possible to achieve higher accuracy by

handcrafting prompts (Verbose). In this setting, we use GPT-3.5 [25] to produce additional

descriptions of the actions that will replace the class label. Examples of the additional prompts

are provided in Tab 6.10.

The Baseline I method represents performance when we add additional prompts but exclude

optimal transport, demonstrating how optimal transport is highly effective at aligning the features

(↑ 15.77). While Baseline II based on the work of [164] and [35] has an average performance

of 5% less than our method, demonstrating the importance of the sections (e) and (f).

In Fig 6.3, we demonstrate how the optimal transport improves performance at higher IoU

thresholds than single prompt or linear probe methods.

At low IoU thresholds, the predicted segment only needs to overlap with a small section of the

ground truth, meaning that single prompt methods and linear probes achieve relatively good

performance as they distribute the attention between prompts and features across the temporal

domain. However, as we increase the IoU threshold, we can see that our PLOT-TAL method

becomes more effective, demonstrating the network’s higher discriminative ability.

EPIC-KITCHENS-100

In Tab 6.2, we show results on the EPIC Kitchens verb and noun partitions, showing a slight

improvement over single prompt methods for the noun classes (↑ 1.19) but achieve a more

significant performance boost for the verb classes (↑ 2.96).
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Figure 6.3: mAP over various IoU thresholds for the THUMOS-14 dataset. We show that the
additional prompts improve performance over a single learnable prompt, as in CoOP.

Epic-Kitchens Noun (mAP) Epic-Kitchens Verb (mAP)

Method 0.1 0.2 0.3 0.4 0.5 Avg 0.1 0.2 0.3 0.4 0.5 Avg

Baseline I 14.3 13.5 13.1 10.3 9.3 12.1 21.2 19.9 18.0 15.2 11.9 17.3
Baseline II 18.0 15.4 14.1 12.2 9.5 13.9 22.5 21.3 19.2 17.1 13.3 18.7
CoOp 16.1 15.0 13.8 11.8 9.5 13.3 18.5 17.6 16.3 14.6 12.5 15.9

PLOT-TAL 17.9 16.7 15.1 12.7 10.0 14.5 21.8 20.9 19.4 17.6 14.6 18.9

Table 6.2: Performance comparison on EPIC-Kitchens dataset for noun and verb recognition.

Method Approach Shot/Way Avg (mAP)

Common Action Localization [242] ML 5/5 22.8
MUPPET [146] ML + PL 5/5 24.9
Multi-Level Alignment [112] ML 5/5 31.8
Query Adaptive Transformer [150] ML 5/5 32.7

CoOP [265] E2E + PL 5/20 34.65
PLOT TAL CLS E2E + PL 5/20 38.24
PLOT-TAL Verbose E2E + PL 5/20 40.59

Table 6.3: Additional comparisons with existing Meta-Learning (ML), Prompt Learning (PL),
and End to End (E2E) methods for few-shot temporal action localisation on the THUMOS’14
dataset.
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Method mAP@0.5

Hu et al. [93] 45.4
Yang et al. [242] 56.5
Yang et al. [243] 60.6
Nag et al. [150] 63.0

PLOT-TAL CLS 65.1
PLOT-TAL Verbose 66.3

Table 6.4: Comparison with state-of-the-art methods for FS-TAL on ActivityNet1.3.

This demonstrates the effectiveness of the additional prompts in distinguishing between complex

temporal features. However, the performance improvement is less pronounced for the noun

partition. This suggests that nouns, which are generally static and visually distinct, are inherently

easier to classify with a single prompt. As a result, they do not derive as much benefit from the

added context provided by multiple prompts. Nouns typically represent objects with consistent

visual appearances, reducing the need for additional context to disambiguate them. Therefore,

the application of optimal transport, which excels in aligning distributions of more dynamic and

context-dependent features (such as verbs), does not yield a substantial advantage in this case.

In Tab 6.3, we compare with other SOTA methods for few-shot temporal action localisation,

which utilise meta-learning and perform few-shot localisation at a 5− shot, 5− way setting,

whereas our results are from the 5-shot, 20-way configuration. Not only is the 5-shot, 20-way

few-shot setting more challenging, but PLOT-TAL also benefits from being trained end-to-end

without the requirement for pre-training and episodic adaptive contrastive learning as in current

meta-learning approaches.

6.3.4 Qualitative Results

In Fig 6.4, we show the normalised transport cost for each frame and N embedding for the class

label ‘Cricket Shot’. This figure shows how each N prompts diverge and focuses on different

elements and views within the videos. For example, we can see thatN1 or Prompt 1 learns global

information across all frames. This shows how we may distribute alignment across all frames

in a single prompt framework and lose discriminative ability since it learns global information

over the whole video. In the figure, we can note that Prompt 4 appears to learn background

information and is more closely aligned to frames where we can see the stadium stands. Prompts
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Figure 6.4: The normalised transport cost of each N prompt for the class ‘Cricket Shot’ after
training. Prompt one aligns with global information, while the other prompts learn additional,
complementary views. In the transport cost algorithm, a lower value indicates closer alignment.

2 and 3, however, indicate a closer alignment with objects related to the class of ‘cricket shot,’

including when the cricket strip is in the shot and there are people on the field. The transport

costs in the plot are normalized according to the global maximum and minimum of all transport

scores across the different prompts. While this normalization means that the absolute values are

not directly comparable between prompts, it serves to place all prompts on a common scale for

visualization purposes. Despite this, the plot clearly reveals that each prompt, when considered

in isolation, demonstrates varying degrees of alignment with different sections of the video. This

suggests that each prompt is capturing unique and complementary aspects of the video content,

allowing for a more nuanced understanding of the temporal dynamics. The distinct patterns

observed across prompts indicate that, even after normalization, the prompts retain their ability

to differentiate between various segments of the video, highlighting the effectiveness of our

approach.

6.3.5 Ablation Experiments

We perform several ablation experiments to evaluate each component of the architecture. We

experiment with the number of learnable context tokens and prompts per class, alternative feature
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N prompts 0.3 0.4 0.5 0.6 0.7 avg

N=4 55.88 50.21 43.06 31.97 21.16 40.46

N=6 56.42 50.54 42.48 32.35 21.17 40.59

N=8 53.60 48.72 41.74 31.68 20.70 39.29
N=10 54.96 50.27 43.45 32.53 21.44 40.53
N=12 53.74 48.25 41.02 30.57 20.06 38.73
N=14 54.25 48.94 40.90 30.78 18.86 38.75
N=16 53.66 48.28 41.04 30.84 20.15 38.79

Table 6.5: Ablation experiment varying the number of additional learnable prompts for each
class.

alignment metrics, and the number of feature pyramid network levels. We also experimented

with the types of RGB embeddings and several prompt-engineering strategies.

Number of Learnable Prompts

In Tab 6.5, we perform an ablation experiment on the number of learnable prompts N . The

results show that the optimum number of prompts is N = 6, while with an increased number

of prompts, e.g., N = 10, we can achieve better results in the more difficult IoU thresholds.

This is due to the increased temporal discriminative ability of the additional prompts. As the N

increases, performance degrades as the model overfits due to the increased number of learnable

parameters.

Number of Learnable Context Tokens

Each prompt also has several learnable context tokens as described in [260] and [223]. These

context tokens are randomly initialised so that for the class ‘Basketball Dunk’ with 4 ctx tokens,

the full prompt will be

P = {X,X,X,X,Basketball Dunk} (6.13)

In Tab 6.6, we show the effect of varying the number of learnable ctx tokens appended to each

prompt. For each N prompt, nctx tokens are randomly initialised. The figure shows that the

optimum number of tokens is between 10 and 20. As per the existing literature [260, 264], we

select 16 tokens for all methods unless otherwise stated and train and test using the 5-shot,

20-way setup.
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Table 6.6: Ablation experiment on the number of context tokens on the THUMOS’14 Dataset.

Ctx Tokens 0.3 0.4 0.5 0.6 0.7 avg
1 52.25 46.94 40.73 31.26 20.17 38.27
10 54.94 49.55 42.49 31.14 20.08 39.64
16 56.42 50.54 42.48 32.35 21.17 40.59
20 53.39 48.38 42.19 33.00 20.78 39.55
30 50.27 45.54 38.30 29.64 18.83 36.52
40 53.55 47.30 40.35 31.06 19.46 38.34

FPN Levels

In Tab 6.7, we show the effect of increasing or decreasing the number of feature pyramid levels

in the network. The results show that six is the optimum number. Additional FPN layers beyond

six will tend to increase the number of parameters for optimisation while not providing any

additional benefit.

Feature Matching Strategy

To assess the efficacy of using Optimal Transport (OT) with the Sinkhorn Algorithm to align

video features with adaptive prompts, we conducted ablation experiments in which OT was

replaced with more straightforward distance metrics, precisely Euclidean distance and Hungarian

distance. Our goal was to determine the impact of these substitutions on alignment performance

and overall method effectiveness.

Euclidean Distance

We replaced the OT metric with the Euclidean distance in the first variant. Here, the alignment

between the refined video features {x′
1,x

′
2, . . . ,x

′
t} and the adaptive prompts Pk for each action

category k was performed directly using the Euclidean distance:

dEuc(u,vk) =

T∑
t=1

N∑
i=1

∥x′
t − pki∥2

In this formulation, the cost matrix Cti is defined as the squared Euclidean distance between

video feature x′
t and prompt embedding pki:

Cti = ∥x′
t − pki∥2
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The alignment process involves directly computing the sum of these distances without optimising

a transport plan.

Hungarian Distance

In the second variant, we utilised the Hungarian algorithm to find an optimal one-to-one matching

between video features and prompts, minimising the overall distance. The cost matrix Cti is

defined similarly to the Euclidean distance case, but the Hungarian algorithm ensures a unique

assignment of each video feature to a prompt:

dHung(u,vk) = min
T∈Π

T∑
t=1

N∑
i=1

CtiTti (6.14)

Here, Π represents the set of all possible permutations that allow a one-to-one matching between

the sets of video features and prompts.

In Tab 6.8, we show that OT outperforms both methods. The superior performance of OT can be

attributed to several key factors:

• Global Distribution Matching: OT aligns the entire distribution of video features with

the prompts distribution, considering the global structure and interdependencies within

the data. In contrast, Euclidean distance considers each pair independently, which can

lead to suboptimal alignments in the presence of complex feature distributions.

• Flexible Many-to-Many Matching: OT allows for a many-to-many correspondence

between video features and prompts, providing more flexibility in the alignment process.

On the other hand, the Hungarian algorithm enforces a strict one-to-one matching, which

may not capture the underlying relationships effectively, significantly when the number

of video features and prompts differ significantly.

• Entropic Regularization: The Sinkhorn algorithm introduces entropic regularisation,

promoting smoother and more stable solutions by avoiding challenging assignments. This

regularisation helps mitigate the impact of noisy or outlier features, leading to more robust

alignments.

Visual Feature Embeddings
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FPN Network Levels 0.5 avg (mAP)

1 25.82 26.16

2 37.80 35.81

3 39.10 36.58

4 40.02 38.03

5 43.06 40.46
6 42.21 39.57

7 41.56 38.92

Table 6.7: Ablation experiment varying the number of FPN levels with 0.5 and average (mAP)
values.

Method 0.5 avg (mAP)

Euclidean 21.97 22.27
Kuhn-Munkres 29.48 29.09

OT 43.06 40.46

Table 6.8: Experiment comparing various prompt alignment methods.

To evaluate the effectiveness of adding motion information via optical flow, we also performed

additional experiments using only the RGB embeddings, the optical flow embeddings, and RGB

CLIP embeddings from a ViT-B-16 encoder, with results shown in Tab 6.9. The results show

that the CLIP embeddings perform better than the RGB from the I3D network ↑ 2.67. This

is because of the implicit alignment between the image and text encoder embeddings before

temporal convolution. However, when combined with optical flow, the performance is improved

by a large margin of ↑ 7.56, demonstrating the enhanced classification ability of the network

when we add additional temporal information via optical flow.

Table 6.9: Comparison of mAP scores for various visual input embeddings on the THUMOS’14
dataset.

Embeddings 0.3 0.4 0.5 0.6 0.7 avg (mAP)
CLIP 46.99 42.09 34.26 25.34 15.82 32.90
RGB 43.13 38.76 31.71 23.15 14.46 30.24
Optical Flow 26.03 23.10 19.54 14.07 8.93 18.33
RGB + Flow 55.88 50.21 43.06 31.97 21.16 40.46

Prompt Engineering
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Table 6.10: GPT generated descriptions for PLOT-TAL Verbose on THUMOS’14 Dataset.

ID Description
7 The precise moment a baseball player winds up and releases the ball towards the batter

9 The instant a basketball player leaps into the air to forcefully slam the ball through the hoop

12 The exact moment the cue stick strikes the cue ball, initiating the billiards shot

21 The moment a weightlifter hoists the barbell from the ground to overhead in one fluid motion

22 The split second a diver leaps off the cliff edge, beginning their descent into the water below

23 The moment a cricket bowler releases the ball towards the batsman with a swift arm motion

24 The precise moment the batsman swings the bat to strike the cricket ball

26 The instant a diver jumps off the board, tucking and twisting before plunging into the pool

31 The moment a frisbee is caught by a leaping player, securing it firmly in their hands

33 The exact moment a golfer swings the club, making contact with the ball to send it flying

36 The moment an athlete spins and releases the hammer, propelling it into the air

40 The split second an athlete takes off over the high jump bar, attempting to clear it without touching

45 The precise moment the javelin is thrown, with the athlete’s arm extending forward in a powerful
motion

51 The instant an athlete sprints and leaps into the air to cover the maximum distance before landing
in the sand pit

68 The moment an athlete plants the pole in the box and vaults over the bar, pushing themselves
upwards

79 The exact moment the shot is put from the neck, using one hand, in a pushing motion through the
air

85 The moment a soccer player strikes the ball with their foot aiming to score a penalty kick

92 The precise moment a tennis player swings their racket to strike the incoming ball

93 The instant an athlete spins and releases the discus, hurling it into the designated sector

97 The moment a volleyball player jumps and forcefully spikes the ball over the net towards the
opponent’s court

We also demonstrate how crafted prompts can help boost performance as per a prompt-engineering

setup. In Tab 6.10, we show the prompts generated by GPT 3.5 with the prompt - ‘Generate

prompts for a temporal action localisation task for the following class IDs. The prompts should

include objects, the action, and some indication of the moment when the action occurs. We

anticipate that further prompt engineering strategies will yield improved results.



108 Chapter 6. Prompt Learning with Optimal Transport for Few-Shot Temporal Action

Localization

6.4 Conclusion

This chapter introduced an efficient approach for training a vision-language network to perform

action localisation with minimal annotations. We demonstrated that aligning multiple prompts

across various temporal resolutions enhances the network’s few-shot learning capabilities.

Crucially, reducing the number of learnable parameters improves generalisation and optimises

training efficiency. This method, requiring only five annotated examples per class, is well-suited

for applications in video understanding where data labelling resources are scarce or in specialised

contexts such as sports analysis, where precise action localisation is critical.

However, this methodology is not without limitations. It still necessitates a minimal amount

of labelled data, preventing its application in zero-shot scenarios where no labelled data is

available. Furthermore, the Optimal Transport Map integration incurs a slight increase in training

and inference times—approximately 0.02 seconds per sample. Looking ahead, we anticipate

significant advancements in contrastive language video models, particularly in training on a

broader and more diverse range of content. Such improvements are expected to enhance zero-

shot localisation capabilities by providing richer representations. The proposed method could

readily incorporate these enhancements, potentially achieving more accurate initial alignments

with text embeddings, yielding substantial performance gains.

This chapter concludes the main body of the thesis. The subsequent chapter will summarise the

contributions presented throughout the thesis and explore potential avenues for future research.



Chapter 7

Conclusions and Future Work

Throughout this thesis, we explored several deep-learning strategies for multimodal video un-

derstanding, particularly in environments with limited data and computational resources. Our

research has demonstrated the utility of leveraging large pre-trained networks to extract multi-

modal features. However, we have also identified the need for application-specific approaches

to fuse these features effectively. The techniques developed have proven to enhance recom-

mendation systems, clustering, classification, and action localisation tasks without requiring

substantial GPU resources or extensive datasets. Notably, all methods were optimised to run on

a single consumer-grade GPU, highlighting the practicality and accessibility of our approaches

for organisations who wish to implement advanced video understanding tools at minimal cost.

This work contributes to the broader field of video understanding by providing efficient solutions

that reduce the barriers to entry for advanced video analysis technologies. These contributions

advance the technical capabilities of handling video data and democratise video understanding

tools, making them accessible to a broader range of users and applications.

7.1 Conclusions

Overall, the objectives of this thesis were to:

• Explore new methodologies and approaches for efficient video understanding tasks using

deep learning.

109
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• Identify methods for fusing multimodal and spatio-temporal features that improve over

uni-modal methods.

• Introduce techniques for long-video understanding applications which are computationally

and data-efficient, reducing the requirement for extensive annotation.

We achieved these goals throughout the following chapters.

In Chapter 3, we introduced a method for fusing multiple modalities from video for style

and semantic clustering of videos with limited labels. Extracting features from several expert

foundational models enabled the model to learn contextual features that offered more stylistic

clues than metadata alone. We also introduced a new dataset that covered an extensive range

of global cinema history to evaluate our method. The method presented could be used to build

new video recommendation systems that could be implemented in video archives without data

labelling. Such a method has broader applications in media studies where new semantic and

stylistic elements could be compared between periods of cinematic history.

Chapter 4 tackled the problem of long video understanding with limited resources. Again,

we demonstrated how to leverage pre-trained encoders to extract spatio-temporal features at

different resolutions. We were able to train a network efficiently by leveraging the inductive bias

of the spatial stream while adding temporal understanding through the lightweight temporal

encoder. This architecture demonstrated SOTA results on tasks requiring more fine-grained

temporal understanding, including speaker recognition and character identification.

In Chapter 5, we introduce the problem of audio-visual fusion for temporal action localisation and

introduce gated cross-attention with visual context, ensuring that only useful audio information

is included in the regression and classification tasks. The network uses pre-extracted features

and a simple pooling mechanism in the feature pyramid to ensure a low-parameter and efficient

solution to this problem.

Finally, in Chapter 6, we presented a novel method for aligning text prompts with pre-extracted

visual features using prompt learning and optimal transport. In this example, we demonstrated

how optimal transport could efficiently align features while the additional learned prompts could

be used to localise and discriminate between foreground and background views within the video

using only a few labelled samples per class.
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7.2 Future Research Directions

Several limitations exist outside the scope of this thesis that are nonetheless important for the

future of accessible video understanding deep learning methods.

Model Efficiency

The first is that the architectures presented cannot process video in real-time, a common require-

ment in many applications such as sports analysis, healthcare, and robotics. Recent advancements

include adaptive network architectures that can adapt to hardware requirements during training

[66], multimodal memory caching [222], alongside extensions of quantisation and pruning

[190, 204]. Recently, novel state-space models such as MAMBA have shown favourable effi-

ciencies directly relevant for long-form video understanding [120]. A future approach could

focus on developing federated learning techniques for video data. This would allow models

to be trained across multiple decentralised devices, reducing the need for high computational

power and bandwidth while maintaining privacy and improving real-time analysis capabilities.

Such a distributed approach can be particularly transformative for applications in healthcare and

urban monitoring, where data sensitivity is paramount.

Advancements in Zero-Shot Learning for Video

As discussed in Chapter 6, zero-shot learning has the potential to advance the accessibility of

video understanding systems where labelled data is scarce or expensive to obtain. Chapter 6

demonstrated a method for adapting CLIP with prompt learning and alignment for few-shot

temporal action localisation. Recent works have begun demonstrating advances in the zero-shot

setup. These include using more expressive and powerful language models [138], improvements

in existing video-language contrastive pre-training [217], and access to more extensive and

well-annotated datasets [263] incorporating more diverse views and modalities [77]. An exciting

future direction is exploring synthetic data generation for zero-shot learning. Using advanced

generative models to create realistic and diverse video scenarios, researchers can train video

understanding systems that can generalise better without requiring extensive labelled datasets.

This could include the development of synthetic actors and environments that provide a richer

array of training examples for zero-shot video understanding models.

Cross-Modal Coherence and Synchronisation
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Achieving effective synchronisation between modalities such as audio, video, and textual de-

scriptions in a unified framework remains challenging. Current research continues to explore

scaling foundation models with multimodal data [217] while more efficient strategies include

improving feature alignment during contrastive pre-training [251]. An emergent area of research

is also video quality assessment and multimodal alignment for training data. This is essential for

current training paradigms of multimodal generative video networks which require aligned and

unedited video. A future research area could involve the application of blockchain technology

to validate and synchronise multimodalities in a secure manner. This could ensure the integrity

and alignment of data used in training multimodal systems, particularly in scenarios where data

comes from disparate and potentially untrustworthy sources. Further, exploring the integration

of causal inference methods to better understand and model the interactions between different

modalities could lead to more robust synchronisation within video understanding systems.
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