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Abstract

This thesis investigates two aspects of how humans engage with visual content: how it is described
and how it is remembered.

The first part focusses on Audio Descriptions (ADs), which convey essential on-screen information,
allowing visually impaired audiences to follow videos. To be effective, ADs must form a coherent
sequence that helps listeners visualise the unfolding scene, rather than describing isolated moments.
However, most automatic methods generate each AD independently, often resulting in repetitive, inco-
herent descriptions. To address this, we propose a training-free method, CoherentAD, that first generates
multiple candidate descriptions for each AD time interval, and then performs auto-regressive selection
across the sequence to form a coherent and informative narrative. To evaluate AD sequences holistically,
we introduce a sequence-level metric, StoryRecall, which measures how well the predicted ADs convey
the ground truth narrative, alongside repetition metrics that capture the redundancy across consecutive
AD outputs. Our method produces coherent AD sequences with enhanced narrative understanding,
outperforming prior approaches that rely on independent generations.

The second part investigates Video Memorability. Understanding what makes a video memorable
has important applications in advertising and education technology. Towards this goal, we investigate
spatio-temporal attention mechanisms underlying video memorability. Different from previous works
that fuse multiple features, we adopt a simple CNN+Transformer architecture that enables analysis of
spatio-temporal attention while matching state-of-the-art (SoTA) performance on video memorability
prediction. We compare model attention against human gaze fixations collected through a small-scale
eye-tracking study where humans perform the video memory task. We uncover the following insights:
(i) Quantitative saliency metrics show that our model, trained only to predict a memorability score,
exhibits similar spatial attention patterns to human gaze, especially for more memorable videos. (ii) The
model assigns greater importance to initial frames in a video, mimicking human attention patterns.
(iii) Panoptic segmentation reveals that both (model and humans) assign a greater share of attention to
things and less attention to stuff as compared to their occurrence probability.
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Chapter 1

Introduction

This thesis investigates two aspects of how humans engage with visual content: how scenes are

describedthrough narration, and how they arerememberedafter viewing. In the �rst part, we focus on

making visual media more accessible through coherent, automatically generatedAudio Descriptions.

In the second, we exploreVideo Memorabilityby comparing model attention to human gaze during

memory tasks.

Audio Descriptions. Imagine watching a suspenseful scene with your eyes closed. You hear a door

creak, footsteps on a hard �oor, then a long pause. You know something is happening, but without

visuals, you can't make out what. Now add an Audio Description:

“A man enters the room and kneels beside a motionless body. He pulls a wallet from the jacket pocket

and �ips it open. Inside is a police badge.”

Suddenly, the silence becomes meaningful. The scene isn't just quiet—it's a moment of discovery.

Audio Descriptions (ADs) provide brief, carefully timed narrations that convey important visual infor-

mation unavailable through sound (or dialogues) alone. They make visual media accessible to Blind and

Visually Impaired (BVI) audiences by describing actions, gestures, facial expressions, scene changes,

and on-screen text.

These descriptions are typically written to be neutral, concise, and delivered between lines of di-

alogue. While traditionally authored by professionals, there is increasing demand for automated AD

generation. Most existing methods, however, generate one description per prede�ned time interval,

without considering how these descriptions �t together as a sequence. This often leads to incoherent or

redundant sequences. Similarly, current evaluation methods score ADs in isolation, missing how well

they work as a complete narrative. In this thesis, we address both challenges by proposing a method for

coherent AD sequence generation and introducing metrics that evaluate quality across the full sequence.

Video Memorability. Some videos linger in memory long after they are watched. A quintessential

example is theGlucon-D advertisement1, where an animated sun is portrayed sipping energy from

1https://www.youtube.com/watch?v=0QKdXiP8rrY

1



children through a straw, a metaphor for the exhaustion caused by summer heat. In contrast, slow pans

over generic landscapes are rarely remembered.

Video memorability refers to the likelihood that a video will be remembered after viewing. Mem-

orability is de�ned at the population level. For instance, if 1 in 10 viewers remembers a video, its

memorability score is 0.1. Understanding what makes certain videos more memorable has signi�cant

implications in �elds like advertising and education, where lasting impact and recall are crucial.

While previous research primarily focuses on predicting memorability scores based on video content,

this thesis dives deeper. We aim to understand how models make these predictions—speci�cally, what

they attend to in space and time. We analyze the spatio-temporal attention patterns of a CNN+Transformer

model trained to predict video memorability and compare them to human gaze data collected from a

memory experiment. This allows us to examine whether the model attends to the same visual cues as

human viewers, and whether the alignment relates to the memorability scores.

1.1 Contribution

This thesis makes contributions in two areas:

Coherent Audio Descriptions (Generation and Evaluation).

• We propose CoherentAD, a training-free approach that promotes the generation of coherent and

diverse visual descriptions across the video.

• To evaluate ADs at the sequence level, we introduce two new metrics that go beyond reference-

based methods (e.g., CIDEr, LLM-AD-Eval) which assess descriptions in isolation:

– StoryRecall, which measures how well the predicted sequence captures key visual and nar-

rative details from the ground truth;

– Repetition, which quanti�es redundancy across consecutive ADs.

• We evaluate our method on the CMD-AD dataset and show improvements in both coherence and

informativeness over prior baselines.

Video Memorability.

• We adopt a simple CNN+Transformer model that facilitates analysis of spatio-temporal attention

mechanisms. Despite its simplicity, the model matches state-of-the-art performance on memora-

bility prediction.

• We collect new eye-tracking data from human subjects performing a video memory task, follow-

ing established experimental protocols [1,2].

• Using panoptic segmentation and attention-weighted analysis, we show that both the model and

humans vary their attention similarly across different visual categories, such asthingsandstuff.
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• We �nd that the model, without any explicit temporal bias, learns to focus on early video frames—mirroring

the natural temporal decay observed in human gaze patterns.

1.2 Organisation of the Thesis

The remainder of this thesis is organised as follows:

• Chapter 2 reviews related work across both areas: Audio Descriptions (covering both generation

and evaluation) and Video Memorability.

• Chapter 3 presents our method for automatically generating coherent sequences of Audio De-

scriptions, along with qualitative comparisons with prior approaches.

• Chapter 4 discusses the limitations of existing AD evaluation metrics and introduces our pro-

posed sequence-level metrics designed to better assess coherence and redundancy.

• Chapter 5 investigates video memorability. We analyse model attention patterns and compare

them to human gaze behaviour using collected eye-tracking data.

• Chapter 6 concludes the thesis and outlines future directions for both Audio Description and

Video Memorability research.
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Chapter 2

Literature Review

This chapter reviews the existing literature on Audio Descriptions and Memorability. Section 2.1 ex-

amines prior work on Audio Descriptions (ADs), including both supervised and training-free approaches

to AD generation, as well as evaluation metrics developed to assess their quality. Section 2.2 surveys

research on Memorability, drawing from both Cognitive Science and Computer Vision perspectives.

2.1 Audio Descriptions

ADs are verbal narrations that describe on-screen visual content to make media (like movies or

TV shows) accessible to Blind and Visually Impaired (BVI) audiences. These narrations provide crucial

visual context, typically inserted into natural pauses in dialogue or signi�cant sound effects. This section

surveys prior work on the automatic generation and evaluation of ADs, highlighting key approaches,

innovations, and existing limitations.

2.1.1 Automatic Generation of Audio Descriptions

Prior work on automatic AD generation falls broadly into two categories: (i)end-to-end models,

which are typically supervised and �ne-tuned on specialized datasets, and (ii)training-free frameworks,

which leverage the capabilities of pre-trained Vision-Language Models (VLMs) and Large Language

Models (LLMs) within multi-stage pipelines.

2.1.1.1 End-to-end Models

Supervised methods [3–10] �ne-tune end-to-end models on curated AD datasets such as MAD [11],

CMD-AD [6], and TV-AD [12].

AutoAD-II [4] introduces a Flamingo-style multimodal cross-attention mechanism that incorporates

visual features, cast metadata, and speech timing to generate character-aware ADs. It leverages an ex-

ternal Character Bank that dynamically links face embeddings to named entities, allowing the model to

consistently refer to characters by name. UniAD [8] enhances understanding of complex scenes using

interleaved multimodal instructions that jointly process visual and textual modalities. MovieSeq [7]
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adopts a general-purpose multimodal transformer that represents video as an interleaved sequence of vi-

sual frames, subtitles, and plot elements. LoCo-MAD [5] explicitly models long-range temporal depen-

dencies through a two-stage framework. It �rst encodes visual content using a compact representation

learned via contrastive and generation objectives. It then applies a Dynamic Selection Module (DSM)

to retrieve plot-relevant context for LLM-based generation. The DSM dynamically selects relevant sub-

titles and descriptions from earlier scenes using a sampler and contrastive loss, enabling better narrative

consistency over long durations. FocusedAD [10] further advances narrative grounding by combin-

ing three modules: a Character Perception Module (CPM) for robust identity tracking across frames, a

Dynamic Prior Module (DPM) for incorporating prior context, and a Focused Caption Module (FCM)

that prioritizes narratively important content. This modular design ensures the model emphasises plot-

relevant elements and tracks character identity without redundancy.

2.1.1.2 Training-free Frameworks

In contrast, training-free frameworks [12–17] leverage pre-trained VLMs and LLMs in multi-stage

pipelines without task-speci�c �ne-tuning. These approaches rely on prompting strategies and struc-

tured reasoning rather than supervised learning.

AutoAD-Zero [12] and Shot-by-Shot [16] implement explicit two-stage systems: a VLM �rst pro-

duces dense visual descriptions, which an LLM then compresses into concise ADs. Shot-by-Shot en-

hances this structure with cinematic priors, integrating �lm grammar cues such as shot boundaries,

camera threads, and shot scale. LLM-AD leverages GPT-4V for zero-shot AD generation from visual

and subtitle inputs. It uses natural language instructions to control output length and formatting, and

integrates a character tracking module to ensure consistent naming across segments without additional

training. MM-Narrator [13] tackles long-form video by incorporating a memory-augmented generation

loop. It maintains short-term textual context (recent ADs) and long-term visual memory (for character

re-identi�cation), enabling scene-consistent narration across extended time spans. It constructs multi-

modal prompts for GPT-4 by integrating visual captions and dialogue with step-by-step reasoning in a

Chain-of-Thought format. MMAD [14] enhances multimodal integration through dedicated modules:

an audio-aware module captures environmental sound features, an actor-tracking module resolves char-

acter identity and ReID, and a contextual alignment module aligns non-dialogue scenes for AD insertion.

NarrAD [17] incorporates movie scripts as an external source of narrative structure. It retrieves relevant

script passages for each video segment, uses multimodal in-context prompting to generate candidate

ADs, and then performs information curation to eliminate redundancy and meet timing constraints.

2.1.2 Coherence in Audio Descriptions

A common challenge in automatic AD generation is coherence. Models that generate ADs inde-

pendently per time segment often produce repetitive or disjointed outputs. Ensuring continuity across

descriptions is crucial for creating a smooth and comprehensible experience for BVI users.
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Several supervised methods explicitly model temporal dependencies. AutoAD-I [3] and UniAD [8]

implement recursive generation by conditioning each AD on previously generated outputs. AutoAD-

II [4] adds a localisation module that predicts suitable time segments for inserting ADs. DistinctAD [9]

jointly processes adjacent clips and employs a Contextual Expectation-Maximisation Attention (EMA)

module to reduce redundancy across outputs. However, these methods rely on training with ground

truth (GT) ADs. In contrast, our approach investigates sequence-level coherence and redundancy in a

training-free setting

2.1.3 Evaluation Metrics for Audio Descriptions

Early evaluation of ADs adopted metrics from image captioning. N-gram-based metrics such as

BLEU [18], ROUGE [19], METEOR [20], and CIDEr [21] measure lexical (n-gram) overlap between

predicted and reference descriptions. Semantic similarity metrics like SPICE [22] and BERTScore [23]

aim to capture meaning by comparing scene graphs or contextual embeddings.

To better re�ect AD-speci�c quality, newer approaches propose targeted AD metrics. Retrieval-

based evaluation (Recall@k/N [3]) assesses whether a predicted AD can retrieve its corresponding GT

description from a pool of candidates. LLM-based evaluations [6, 13] use LLMs to judge predictions

relative to reference ADs. CRITIC [6] promotes consistency in character identi�cation, while the Action

Score [16] evaluates whether visually grounded actions are correctly captured.

NarrAD [17] complements automatic metrics with human evaluations across four dimensions:use-

fulness, speci�city, likelihood of recommendation, and a comprehension test. While such assessments

provide valuable insights into user experience, they are resource-intensive and impractical to apply at

scale.

Despite these advances, most metrics continue to evaluate individual ADs in isolation. MM-Narrator [13]

introduces SegEval, which uses GPT-4 to assess AD quality over sliding windows of consecutive seg-

ments. However, because it performs relative comparisons between predicted ADs and the ground truth,

SegEval may favor �uent but hallucinated predictions. Additionally, it is limited to �xed-size local win-

dows and does not explicitly measure redundancy or global coherence across the entire sequence.

Our work moves beyond single-AD evaluation by introducing metrics designed for sequence-level

analysis. We assess both local redundancy and global narrative coherence, enabling evaluation of ADs

as cohesive sequences rather than isolated captions.

2.2 Memorability

Memorability refers to the likelihood that a visual stimulus will be remembered by viewers. In this

section, we review how memorability has been studied in both cognitive science and computer vision.
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2.2.1 Memorability in Cognitive Science

While human beings remember a huge amount of visual information, not all visual experiences are

equal in our memory [24]. Some images are consistently better remembered across people, suggesting

that memorability is observer-independent [25,26]. This makes algorithms suitable for predicting mem-

orability [27]. Several factors such as scene semantics [24], object category [28], and visual saliency [28]

correlate with memorability, yet considerable statistical variance in memorability scores remains unex-

plained [29]. Although image memorability has been studied extensively in cognitive science, videos

have been used primarily in the study of event segmentation and to understand the neural processes

underlying learning and memory [30, 31]. Observer-independent memorability of videos has received

less attention in cognitive science compared to the work in computer vision.

2.2.2 Memorability in Computer Vision

The study of visual memorability in computer vision started with a focus on images [24,27]. Models

such asMemNetwere developed for image memorability prediction on large image datasets [27]. Im-

provements over the initial models involved incorporating attention mechanisms [32], image captioning

modules [33], object and scene semantics [34], and aesthetic attributes [35]. The insights gained from

these studies also led to the development of Generative Adversarial Networks (GAN) based models that

can modify images to manipulate their memorability [36–38].

Video memorability has fewer works, typically evaluated onVideoMem[1] and Memento10k[2].

The semantic embeddings model ofVideoMem[1] uses an image-captioning pipeline in conjunction

with a 2-layer MLP for memorability prediction.SemanticMemNet[2] integrates visual cues with se-

mantic information and decay patterns to predict memorability. Recent approaches involve multiple

tiered representation structures,M3S[39], or use Large Language Models (LLMs) to generate textual

descriptions that are then used to predict memorability scores [40]. In contrast, we adopt a simple

CNN+Transformer attention-based model that matches SoTA, but also facilitates comparison between

model attention and human gaze on semantic and temporal aspects of video memorability.
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Chapter 3

Automatic Generation of Audio Descriptions

Figure 3.1 Predicted ADs across the video(i.e. a sequence of AD intervals). The results reported by
per-AD evaluation metrics are shown on the top right of each prediction (left: CIDEr; right: LLM-AD-
Eval, score 1-5), with low scores indicating poor performance coloured in grey. The repetitions across
predictions are highlighted in red, where “adjust the device” is repeated multiple times. The video is
sampled from the movieBack to the Future, corresponding to0: 22� 1: 05, that can be watched here:
https://www.youtube.com/watch?v=SR5BfQ4rEqQ&t=22s.

Audio Descriptions (ADs) help Blind and Visually Impaired (BVI) audiences follow a movie or any

type of long video typically conveying a story. Narrated between dialogues, ADs often describe key

visual elements of the scene, with emphasis on the setting, actions, and characters. While ADs are

typically created by professionals [41], there is growing interest in generating ADs automatically [3, 4,

6,9,10,12,16,17] to make content accessible.

AD generation is historically treated as video captioning, i.e. a short description is generated in-

dependently for each prede�nedAD interval in the video [6, 11, 42]. However, ADs are a coherent

sequence of descriptions that build a visual story and take the narrative forward. As seen in Fig. 3.1,

8


	Introduction
	Contribution
	Organisation of the Thesis

	Literature Review
	Audio Descriptions
	Automatic Generation of Audio Descriptions
	End-to-end Models
	Training-free Frameworks

	Coherence in Audio Descriptions
	Evaluation Metrics for Audio Descriptions

	Memorability
	Memorability in Cognitive Science
	Memorability in Computer Vision


	Automatic Generation of Audio Descriptions
	Training-Free Sequence-Level AD Generation
	Video Clip to Summarised Narratives
	Extracting Structured Visual Description
	Narrative Summarisation

	Multiple Candidate Generation
	Coherent Sequence Selection

	Qualitative Results
	Implementation details.
	Challenges Faced

	Holistic Evaluation of Audio Descriptions
	Takeaways from Two AD Sources
	Aligning Multiple AD Sources
	Similarity between Aligned ADs

	Sequence-Level AD Evaluation
	StoryRecall
	Repetition metrics

	Evaluating Sequences of Audio Descriptions
	Dataset and metrics.
	Quantitative results.
	Ablation without Multiple Candidates.
	Ablation on Varying Context Size.

	ADQA: Evaluating ADs via Question Answering

	Comparing Human Gaze and Model Attention in Video Memorability
	Methods: Model and Human
	Transformer-based Model
	Eyetracking Study: Capturing Gaze Patterns

	Datasets and Experimental Setup
	Experiments: Memento
	Ablation of Vision Models
	Use of captions.
	Assuming Caption is Available
	Joint Prediction of Caption and Memorability

	SoTA comparison.
	Transferring from/to Image Memorability

	Why is VideoMem challenging?
	Similar videos across splits.
	Implications for data collection.
	Video Memorability prediction for Videomem

	Comparing Model Attention and Human Gaze
	Panoptic Segmentation
	Temporal Attention


	Conclusion and Future Directions
	Summary
	Limitations and Future Work

	Bibliography

