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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
described through narration, and how they are remembered after viewing. In the first part, we focus on
making visual media more accessible through coherent, automatically generated Audio Descriptions.
In the second, we explore Video Memorability by 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 floor, 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 flips 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 predefined time interval,
without considering how these descriptions fit 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 the Glucon-D advertisement1, where an animated sun is portrayed sipping energy from

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

1
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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 defined 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 significant
implications in fields 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—specifically, 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 quantifies 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 as things and stuff.
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• We find 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 significant 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 fine-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] fine-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 first 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-specific fine-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 first pro-
duces dense visual descriptions, which an LLM then compresses into concise ADs. Shot-by-Shot en-
hances this structure with cinematic priors, integrating film 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-identification), 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 reflect AD-specific 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 identification, 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, specificity, 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 fluent but hallucinated predictions. Additionally, it is limited to fixed-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 as MemNet were 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 on VideoMem [1] and Memento10k [2].
The semantic embeddings model of VideoMem [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

GT

Ours

AutoAD
-Zero

Shot-by
-Shot

He drags Marty in.

Dr. Emme� Brown 
wears a futuris�c helmet 
a�ached tubes.

Emme� walks out of 
the room. 

Emme� adjusts his device. 

Detaching a small dog from our smoke 
machine of wires and needles, he a�aches 
the device to Marty's forehead.

The control panel is clu�ered with 
numerous wires and cables, some of which 
are glowing, surrounded by Dr. Brown's hands.

Emme� adjusts the machine as Marty 
watches, smoke billowing around them.

Emme� adjusts a machine while 
Marty stands beside him. 

Doc has a gauze bandage 
taped to his head.

His eyebrows are raised 
and his mouth is slightly open.

Emme� adjusts the 
futuris�c helmet on his head.

Emme� adjusts a 
device on his head.

Marty unhooks himself.

A large, glowing light 
flickers on Marty's forehead.

Marty adjusts the 
device carefully.

Marty adjusts the device.

AD Interval 1 AD Interval 2 AD Interval 3 AD Interval 4

10.0

10.0

10.0

10.0

432.3

417.2

27.4

22.7

421.4

424.9

227.2

445.1

454.7

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 movie Back to the Future, corresponding to 0: 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 predefined AD 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,
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Structured 
Description

Video Description
(VLM)

Summarisation
(LLM)

Candidate Generator
(LLM)

LLM
(Scorer)

LLM
(Scorer)

LLM
(Scorer)

Candidate Scorer
(LLM)

Summarised
Narrative

Multiple
Candidates 

Selection

Audio Description  

Previous AD
Context

AD Interval

Figure 3.2 Overview of our multi-stage AD generation pipeline CoherentAD. For each AD interval,
the VLM generates a structured description, which is then summarised. The summary is used to produce
multiple candidate descriptions. Each candidate is scored by four independent LLM-based scorers that
consider previous selections as context. The highest-scoring candidate is selected in an auto-regressive
manner to form a coherent sequence.

this independent generation (e.g. AutoAD-Zero [12], Shot-by-Shot [16]) results in repeating similar
information, and failing to capture the narrative structure of the movie.

We therefore posit that AD generation should be performed over a longer temporal extent, i.e. across
the video that consists of a sequence of AD intervals. This is motivated by the subjective nature of ADs,
where information is often distributed across multiple descriptions (see Fig. 3.1).

In this chapter, we propose a new training-free method, CoherentAD that encourages the generation
of diverse visual descriptions across the video. Similar in spirit to AutoAD-Zero [12], we first extract
structured information from each trimmed clip (the span of video corresponding to the AD interval).
By contrast, we generate multiple AD-like candidate descriptions for each clip and auto-regressively
choose one that would advance the narrative while also providing new visual details.

3.1 Training-Free Sequence-Level AD Generation

Given a sequence of predefined intervals in a video, our goal is to generate a corresponding set of
ADs that together form a coherent narrative. To this end, we propose CoherentAD, a training-free
pipeline that generates multiple candidate ADs for each interval and selects a coherent, non-redundant
sequence from these candidates.

This section outlines the three components of our multi-stage pipeline. In Sec. 3.1.1, we extract struc-
tured descriptions for each interval and summarise them into concise, narratable paragraphs. In Sec. 3.1.2,
we generate diverse candidate ADs from these summaries. Finally, in Sec. 3.1.3, we select an optimal
sequence of ADs using a scoring mechanism that promotes coherence and informativeness. An overview
of the full pipeline is shown in Fig. 3.2.

3.1.1 Video Clip to Summarised Narratives

We uniformly sample 16 frames per AD interval, following standard practice in prior work [6, 8,
12]. For character recognition, we adopt AutoADZero’s [12] method of overlaying coloured circles on
detected faces, which are then referenced in the text prompts.
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We find that when a Vision-Langauge Model (VLM) is shown a sequence of sampled frames, it often
defaults to static, high-level descriptions (e.g. “a man is standing”), failing to capture the progression of
actions and visual changes over time. To address this, we introduce a two-stage process: first extracting a
structured, detailed representation of the visual content, and then summarising it into a concise narrative
suitable for AD generation.

3.1.1.1 Extracting Structured Visual Description

We prompt the VLM with a structured instruction that guides the model to extract all visually relevant
details from the interval across three aspects—key actions, interactions, and environmental changes. The
exact prompt is shown in Algorithm 1, which consists of three components:

• Storyboard Description - a step-by-step narration of events in order, treating the frames like a
storyboard: a sequence of images that captures the key moments of a scene;

• Character and Object Breakdown - a list of all visible characters and objects, along with their
observable actions (both prominent and subtle), interactions, and any environmental changes;

• Overall Summary - a brief description summarising the primary visual event.

This structured prompt produces a comprehensive representation of the interval. Since later stages
rely solely on text, any missed detail at this stage is unrecoverable, making it essential to capture all
relevant content. Thorough extraction at this stage also supports the generation of diverse and faithful
AD candidates later in the pipeline.

3.1.1.2 Narrative Summarisation

While the structured visual description is exhaustive, it is fragmented and unsuitable for generating
concise candidate ADs. We instruct the Large Language Model (LLM), using Algorithm 2, to rephrase
this content into a single paragraph that retains all meaningful visual information. In doing so, it re-
organises disjoint observations into a concise paragraph where visual details are presented in a more
logically connected manner.

The prompt explicitly enforces compliance with AD guidelines by discouraging inference, dialogue,
and speculation. To meet these constraints, we prompt the LLM to draft and iteratively refine the
paragraph until all conditions are satisfied. The final output, denoted as paragraph P serves as the basis
for the next stage.

3.1.2 Multiple Candidate Generation

Given paragraph P , we use an LLM to generate up to m diverse candidate ADs that are: (i) inde-
pendent, (ii) concise, (iii) group related visual events, and (iv) collectively cover all content from the
previous stage. Each candidate conveys a complete visual moment by grouping related elements (such
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as actions, objects and context) into a compact description. This makes every candidate meaningful and
self-sufficient, suitable for inclusion in the final sequence on its own.

We generate up to m candidates per interval, but stop early once all salient content in P has been
covered. To avoid redundancy and prevent fragmentation (such as splitting a cohesive event across mul-
tiple descriptions) the prompt instructs the LLM to produce the smallest number of candidates needed to
convey all relevant information. This constraint keeps the candidate pool focused, encourages grouping
of related observations, and minimizes repetition across candidates. As a result, downstream selection
becomes more tractable: given the previously selected description, the model chooses the most coherent
next step from a concise and diverse set of alternatives.

Candidates are constrained by a word limit lmax, computed based on the AD interval’s duration and
a narration speed adapted from Shot-by-Shot [16].

See Algorithm 3 for the prompt used in this stage.

3.1.3 Coherent Sequence Selection

Finally, we select one candidate per interval to construct the full AD sequence. Each candidate is
evaluated using four independent scoring criteria, with scores assigned separately by dedicated LLM
prompts to ensure focused and unbiased assessment along each dimension. Each candidate is scored in-
dependently, with the prompt conditioned on the previous r = 3 selected candidates to ensure coherence
with prior context.

The final score is computed as a weighted average of these four criteria, and the highest-scoring
candidate is selected in an autoregressive manner, conditioned on the previous r selected descriptions.

The four evaluation criteria are:

1. Adherence to AD guidelines ensures the description is strictly grounded in what is visually
perceivable (i.e., avoids inferences, speculation, or camera references) and focuses only on infor-
mation inaccessible to blind viewers;

2. Redundancy with prior descriptions penalises repetition to avoid wasting narration time and to
leave space for previously unmentioned content;

3. Contribution to story advancement prioritises candidates that introduce new observable actions,
interactions, or scene changes that move the visual narrative forward;

4. Counts of visual elements measures the number of unique participants, actions, and salient visual
details explicitly mentioned in the description, rewarding candidates that convey more informa-
tion.

This scoring setup allows the system to reliably select a coherent, informative, and narratively rich
description for each interval in the sequence. All individual scores are normalised to the range [0, 1].
We then apply the following weights: 0.40 for Adherence to AD guidelines, 0.25 for Redundancy, 0.40
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for Story Advancement, and 0.29 for Counts. The “Counts” score is computed by combining sub-scores
for Participants (0.13), Actions (0.11), and Salient Details (0.05). Each of these scores is computed
using an independent LLM call with a dedicated prompt. Prompts for each criterion can be found in
Algorithms 4 to 7.

3.2 Qualitative Results

Qualitative results are shown in Fig. 3.1 and further illustrated in Figs. 3.3 and 3.4, where repetitions
in baseline predictions are clearly visible. In contrast, our method introduces distinct, visually grounded
details at each interval. The selected descriptions collectively form a coherent and non-redundant nar-
rative.

We present a quantitative evaluation of the pipeline in Sec. 4.3.

3.3 Implementation details.

All experiments use Qwen2-VL-7B [43] as the VLM and LLaMA3.1-Instruct-8B [44] as the LLM.
We generate up to m = 5 candidates per interval and condition scoring on the r = 3 previously selected
candidates. The word limit used in Sec. 3.1.2 is computed based on a narration speed of 0.275, adapted
from Shot-by-Shot [16].

3.4 Challenges Faced

Generating a coherent sequence of ADs involves several challenges.

Temporal misalignment between ADs and video. ADs in movies are inserted between dialogues, not
necessarily when the described visual event occurs. As a result, a given AD may refer to content that
appears before or after the associated time span. In our experiments on CMD-AD [6], we find that
40% of GT ADs are not visually entailed by the corresponding trimmed video clip. This introduces
a fundamental mismatch—models are expected to describe or evaluate content that may not even be
visible within the predefined interval.

Limited coverage in VLM generations. Even among the 60% of ADs that are locally entailed, only
a subset (1139 out of 4431) are captured in the VLM-generated structured descriptions (in Sec. 3.1.1).
These outputs aim to exhaustively list visible entities and actions, but often miss key details that are
central to the narrative. This reflects current limitations in visual parsing and grounding. While we
expect improvements with the development of more robust VLMs, current models fall short of what is
needed for high-quality AD generation.

Challenges in Sequence-Level Selection. Given five candidate descriptions per interval, the goal is to
select the most coherent sequence. Beam search was initially considered to optimise selection across
intervals, but this requires a reliable scoring function, something that existing metrics do not provide.
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Metrics like CIDEr [21] and BERTScore [45] rely on one-to-one matches with a reference, which is
problematic in itself due to the existence of multiple valid ADs per interval (discussed further in Chap-
ter 4). Moreover, their behaviour is unreliable: CIDEr often spikes for candidates with a few matching
words, even when the full description is suboptimal, and remains uniformly low otherwise. It may
also assign low scores even when two descriptions convey the same meaning but use different sur-
face forms—for instance, “grabs a slice” and “grab slices” fail to align completely despite having
near-identical semantics. Such variation is often acceptable in ADs. Additionally, BERTScore fails to
meaningfully differentiate between the five candidates, with very small score variation.

To go beyond reference matching, we explored using sentence-level BERT Next Sentence Prediction
(NSP) scores [46] to evaluate transitions between descriptions. However, these scores cluster around 0
or 1, offering little discrimination due to their binary training objective.

In short, there was no meaningful way to compute either independent candidate scores or transition
scores for use in beam search. In the absence of reliable scoring functions for beam search, we instead
adopt a greedy, autoregressive selection strategy that chooses each candidate based on its compatibility
with preceding context.

Supervised learning is not viable. Even when the ground-truth (GT) AD is among the candidates,
existing metrics do not reliably rank it highest. This makes it impossible to assign consistent labels
for supervised training. We also experimented with using LLM or VLM log-probabilities (the model’s
internal confidence scores for generating the sentence) for ranking, but both tend to favour generic,
template-like outputs, lacking sensitivity to narrative quality or visual grounding. As a result, there was
no usable signal to train a model to pick the best candidate.

Limitations of Direct LLM-Based Selection/Ranking We also tried prompting the LLM to choose the
best candidate among the five directly, instead of scoring each one independently. However, this task
proved too complex. It requires the model to reason over many overlapping descriptions, apply multiple
criteria (coherence, salience, redundancy), and identify subtle differences. With multiple candidates per
interval, the model’s outputs became erratic and inconsistent—it failed to reliably compare and rank
closely related descriptions. The LLM struggled to apply so many constraints across dense sets of
alternatives. To make the task more manageable, we broke it down into simpler, well-defined criteria
and scored each candidate independently.

These challenges motivate our design of a training-free, scoring-based approach.
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GT

Ours

AutoAD
-Zero

Shot-by
-Shot

The young doctor goes.

A man in a white lab coat 
examines something. 

Ron looks at someone 
seriously. 

Ron Kovic lies in bed. 

Ron's eyes rove wildly around the 
ward, where his revolving bed 
frame is attached to the broken 

Sweat is visible on Ron Kovic's face. 

Ron Kovic looks around the 
hospital room. 

Ron Kovic lies in a hospital bed, 
sweat on his forehead, speaking 
off-screen.

Monitoring devices 
connect to the hospital 
bed.

The patient lies connect-
ed to medical equip-
ment.

Ron Kovic lies on a 
hospital bed. 

Ron glances at the pump which 
starts working, gloopy red fluid 
drips into a glass receptacle.

Liquid is being poured into the 
glass container from above, 
connected to a metal frame 
suspended above the surface.

Ron pours water into a glass. 

Ron Kovic lies in a hospital bed, 
watching as liquid is poured into a 
glass container. 

The other vets lie asleep in 
darkness.

GT

Ours

AutoAD
-Zero

Shot-by
-Shot

She steps off the platform 
and falls onto the tracks.

Christine falls onto the train 
tracks with arms spread.

Christine Brown runs and falls 
onto the train tracks.

Clay runs to Christine on 
train tracks.

Christine follows Clay's eyeline 
and sees a train speeding 

Christine Brown stands on the 
train tracks, facing the approach-
ing train directly.

Clay leans over Christine, 
reaching out to her on the 
tracks.  

Clay leans over Christine, 
reaching out to her on the 
tracks.

Clay Dalton appears, hanging 
from the ceiling, reaching down 
with his hands. 

Clay pulls Christine towards 
him.

Clay Dalton reaches out to 
Christine Brown as she lies on 
the tracks on fire.

Clay recoils from the heat from 
the inferno below.

The man struggles to crawl 
away from the flames.

Clay Dalton falls into a pit of fire. 

Clay runs to the woman on fire, 
trying to put out flames. 

Clay reaches out for her when a 
rail ties splinters and bursts into 
flame.

GT

Ours

AutoAD
-Zero

Shot-by
-Shot

They sit next to each other.

Karen stands next to Nathan 
wearing a white shirt. 

Nathan looks at the laptop 
screen.

Nathan and Karen type 
together. 

A chat window appears.

Nathan types on the keyboard 
with both hands.

She types on the laptop screen. 

Karen points at the screen. 

The chat interface changes to a 
new page with a blue 
background. 

Nathan types on the laptop as 
the other person observes the 
screen.

Karen points at the laptop 
screen as Nathan types.

Nighttime, Brighton Beach, New 
York.

A text display shows "BRIGH-
TON BEACH, NY" at bottom. 

The building stands tall at night.

The camera pans left, revealing 
the building.

Please enter the name of the 
missing person this is 
regarding.

Figure 3.3 Qualitative comparison showing GT, our outputs, AutoAD-Zero [47] and Shot-by-Shot [16],
with repetitions highlighted in red.
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GT

Ours

AutoAD
-Zero

Shot-by
-Shot

English fastens his seatbelt 
and talks into his watch 
again.

Johnny English adjusts his 
seatbelt in the driver's seat 

Johnny English looks at 
Bough while driving. 

Johnny English drives, 
glancing at Bough. 

Bob presses the remote control and 
the car, held front and rear by two 
hoists, swings out over the road.

The driver operates the control 
panel, raising the car mounted on 
the crane. 

Bough holds the crane, carefully 
lifting a car onto the truck. 

Johnny English drives a car as a tow 
truck lifts a car with a crane, operated 
by Bough.

A white tow truck with black 
text "City Car REMOVALS" on 
the side steps forward into 
view. 

Johnny English looks at the 
tow truck. 

Johnny English looks around 
from his car while checking 
out Bough's truck.

 The Aston rises just in time to let 
a car under it.

The crane extends its arms to 
lift the blue car.

The crane lifts the blue car onto 
the tow truck.

Johnny English looks at Bough in 
the car. 

Another press of the button 
and the car is lowered but 
into oncoming traffic.

GT

Ours

AutoAD
-Zero

Shot-by
-Shot

Stacy's standing with her back 
to them and a pool of blood 
around her feet.

The woman wearing a floral 
dress holds a small bag or 
pouch and looks down.

They look around the yellow 
tent together.

Eric walks towards the 
camera, looking around the 
campsite. 

She looks around at her friends 
with a huge gash across her 
forehead.

Stacy kneels on the ground, 
covered in blood, with face and 
body smeared red.

Stacy looks at Eric and Jeff with a 
distressed expression.

Eric looks at Stacy with a 
concerned expression as she 
crawls on the ground. 

The second woman appears in a 
close-up wiping her face.

Amy looks at the bloodied 
character.

Amy walks towards the 
camera, standing in front of 
stone walls. 

Slicing her thigh open.

Jeff and Eric stand on opposite 
sides.

Jeff turns to Eric, looking at him. 

Jeff and Eric look at each other.

She's cut her arm and side too.

GT

Ours

AutoAD
-Zero

Shot-by
-Shot

As the detective watches him 
from the hall, Emmerich takes 
a slip of paper from the stack 
and picks up a fountain pen.

Emmerich's face is now in a 
close-up view with a distinct 
change in his facial expression. 

Alonzo D. Emmerich speaks.

Alonzo D. Emmerich looks at 
and writes on a piece of paper 
at his desk. 

His brow furrows as he scribbles 
a letter in a looping cursive.

Their right hand writes on the 
paper with a pen.

The hand writes on the paper 
with focus. 

Alonzo writes a letter with a pen 
on paper. 

The left hand supports the paper 
with gentle pressure.

She writes on the paper.

Alonzo writes a letter with a 
pen on paper. 

He pauses, the tip of the 
fountain pen hovering above the 
paper.

The text reads "Dearest May, 
Forgive me" in flowing 
handwriting slowly. 

She writes on the paper. 

Alonzo writes a letter with a pen 
on paper, expressing remorse. 

It reads, Dearest May, forgive 
me. 

Figure 3.4 Qualitative comparison showing GT, our outputs, AutoAD-Zero [47] and Shot-by-Shot [16],
with repetitions highlighted in red.
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Algorithm 1 Stage I prompt for extracting structured visual descriptions.

user_prompt = (
"Describe the video segment in detail using a three-part structure:\n"
"1. **Storyboard Description**\n"
" - Describe the events in the order they happen, step by step.\n"
" - Use words like ’first,’ ’next,’ ’then,’ ’finally’ to show the timeline.\n"
" - Include clear descriptions of the location, background, objects, visible text, and any
changes in the setting (e.g., lights switching on, doors opening, smoke appearing).\n"
" - Mention any uncertainty if something is unclear.\n\n"

"2. **Character and Object Breakdown**\n"
"{char_text}\n"
"Break this section into these parts:\n"
" a. **Characters**\n"
" - List all visible people or animals (named or unnamed).\n"
" - For each character, provide two separate points:\n"
" i. **Visible Actions** - Big, clear movements (e.g., ’walks to the door,’ ’sits on the
chair’). If none are seen, write ’None.’\n"
" ii. **Subtle Actions** - Small, visible movements or facial changes (e.g., ’raises
eyebrows,’ ’nods’). If you believe the character seems to display an emotion (e.g., ’concerned,’
’nervous,’ ’relieved’), clearly state the physical cues you observed that led you to that
interpretation. Avoid stating an emotion without citing the visible evidence. Be specific about
gestures: say what the character does with which hand, where they point, etc. If none are seen,
write ’None.’\n"
" b. **Character-Character Interactions**\n"
" - List any visible interactions between characters (e.g., touching, eye contact).\n"
" c. **Objects**\n"
" - List any important objects seen in the scene.\n"
" - Describe how they look, where they are, and any changes they go through.\n"
" d. **Character-Object Interactions**\n"
" - Describe how characters use or touch objects (e.g., ’opens drawer,’ ’picks up phone’).\n"
" e. **Changes in Environment**\n"
" - List any visible changes in the surroundings (e.g., light turns off, car drives in).\n\n"

"3. **Overall Summary**\n"
" - Summarize, in 1-2 sentences, the main action or event that occurs in the clip.\n"
" - Mention who is primarily involved (characters and/or objects).\n\n"

"Important rules:\n"
"- Only describe what you can see clearly.\n"
"- Don’t guess what characters are thinking or feeling unless it’s visible on their face or body.\n"
"- Say if anything is unclear or hard to see.\n"

)
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Algorithm 2 Stage I prompt for narrative summarisation.

system_prompt = (
"You are a visual summarization expert trained to convert detailed scene descriptions into
clean, narratable paragraphs. "
"Your output is used as audio description for blind and visually impaired users, so it must:\n\n"
"* Be strictly grounded in the input - only describe what is clearly visible in the source.\n"
"* Use concrete physical verbs in present tense and active voice.\n"
"* Avoid all emotions, sounds, dialogue, intentions, or inferences.\n"
"* Convert static adjective phrases (like ’crossed arms’) into dynamic verb phrases (like
’crosses arms’) only if those states appear in the source.\n"
"* Use first names **only if** explicitly and visually grounded in the input. Never guess
identities.\n\n"
"Your paragraph should include all meaningful visual actions, facial or body movements, and
environmental changes. "
"Keep it crisp, literal, and compliant - no more, no less."

)

user_prompt = (
"**TASK: Convert the input scene description into one concise, literal paragraph.**\n"
"Describe only visible, physical events - include body actions, interactions with objects,
posture or expression changes, and setting changes.\n\n"
"**Guidelines**\n"
"* Use present-tense, active voice.\n"
"* Use concrete physical verbs (e.g., ’raises hand’, ’steps forward’).\n"
"* Include subtle but visible actions (e.g., glances, nods, clenches fists).\n"
"* Describe static elements only if they clarify the action.\n"
"* Convert adjective states to verbs only if they appear in the input (e.g., ’crossed arms’ ->
’crosses arms’).\n"
"* Ensure all visual events are described once and only once.\n"
"* Use first names of the characters only if present and clearly grounded. Otherwise, use
specific roles or generic labels.\n"
"* Never guess or add any action, name, or object not grounded in the source.\n"
"**Strictly Remove**\n"
"* Dialogue or speech verbs (speaks, talks, responds).\n"
"* Emotions or mental states (nervous, concerned).\n"
"* Sounds or spoken content (conversation, laughs, screams).\n"
"* Uncertain or speculative language (e.g., ’seems to’, ’possibly’).\n"
"* Camera or framing language (off-screen, towards the camera).\n"
"* Visual markers like colored circles (red circle, green circle, blue circle, yellow circle).\n"

"**Step 1 - Draft**\n"
"Write a first-pass paragraph that follows all points under **Guidelines** and **Strictly
Remove**.\n\n"

"**Step 2 - Refine**\n"
"Reread your draft paragraph and revise until it passes all four checks:\n\n"
"1. **Forbidden Terms Check**\n"
" * Remove any mention of emotions, thoughts, sounds, dialogue, camera angles, or visual
markers.\n"
" * Refer to the **Strictly Remove** section above.\n"
" * Examples to remove: ’nervous’, ’appears to’, ’camera pans’, ’red circle’, ’speaks’,
’indicating’, ’green circle’.\n\n"
"2. **Hallucination Check**\n"
" * Do not add any name, object, action, or interpretation that is not grounded in the
input.\n"
" * If it’s not clearly visible in the scene description, leave it out.\n\n"
"3. **State-to-Verb Rewrite**\n"
" * Convert static descriptions to visible actions only when the original text implies
motion.\n"
" * Example: ’with arms crossed’ becomes ’crosses arms’ (if and only if supported by
input).\n\n"
"4. **Coverage Check**\n"
" * Include every meaningful, visible action or interaction exactly once.\n"
" * Do not omit any relevant gestures, postures, or setting changes.\n\n"
"Repeat this loop until the paragraph fully satisfies all checks and follows the **Guidelines**
and **Strictly Remove** rules.\n\n"

"**Output**\n"
"Output only the final paragraph, nothing else.\n\n"
"**Scene Description**\n"
f"{text}\n"

)
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Algorithm 3 Stage II prompt for multiple candidate generation.

system_prompt = (
"You are a professional audio description writer.\n"
"You convert summaries into concise, present-tense descriptions that cover only what can be
physically visible on screen.\n"
"You never speculate, interpret, or describe sound or speech.\n"
"You group related visual details into single sentences when they belong to the same moment or
subject.\n"
"Your writing is literal, compact, and strictly grounded in visual facts.\n"
"You stay within the word limit.\n"
"Every word you use adds concrete visual value.\n"
"You never include filler words or vague phrasing.\n"

)

user_prompt = (
"You are given a paragraph that summarizes the visual content of a video clip. "
"Your task is to convert this into up to 5 candidate audio descriptions (ADs) that strictly
follow professional AD guidelines. "
"Each candidate must be a complete sentence in present tense, describing only what can be
physically visible. "
"Do not infer or interpret anything beyond what can be explicitly seen.\n\n"

"Follow these detailed instructions:\n"
"1. Visual-Only Content:\n"
"Describe only what can be physically visible: people, actions (both prominent and subtle),
interactions, objects, spatial layout, and environmental context.\n"
"Do NOT include:\n"
"* Emotions or internal states\n"
"* Intentions or speculation\n"
"* Sounds or speech-related verbs\n"
"* Any inferred meaning or visual interpretation\n"
"* Camera or viewer references\n"
"* Filler words or vague phrases\n"
"* Any colored circles (they are not meaningful scene elements)\n\n"

"2. Sentence Structure:\n"
"* Use present tense only.\n"
"* Each candidate must be complete and self-contained.\n"
"* Keep sentences concise - no filler or padding.\n"
f"* Each sentence should aim to be exactly {num_words} words, "
"but only include words that convey clear visual information. Do not add words just to meet the
target.\n\n"

"3. Group Related Observations:\n"
"Each sentence should describe a complete and coherent visual moment.\n"
"Cluster visual details that naturally belong together, such as:\n"
"* a person’s action, posture, and gesture\n"
"* a person’s facial expression, gaze direction, and position in the scene\n"
"* multiple people engaged in a single visible interaction\n"
"* people jointly focused on a shared object or action\n"
"* movement through a space with visible layout or surrounding elements\n"
"* people and objects arranged in the same spatial scene\n"
"* multiple characters described together by their clothing, positioning, or appearance\n"
"* an object and its placement, motion, or use in the scene\n\n"
"Avoid splitting visual details that form a single visual moment "
"- even if they are brief or subtle. "
"Only separate background elements if they clearly relate to different subjects or actions.\n"
"If a gesture, facial movement, or small action is part of one visual act, group it with related
observations.\n\n"

"4. Naming Conventions:\n"
"* Use first names for characters if available.\n"
"* Do not use full names or titles - first names are enough.\n\n"

"5. Language Precision:\n"
"* Do not use vague, redundant, or filler phrases such as: ’is visible’, ’can be seen’, ’in the
background’.\n"
"* Prefer direct phrasing.\n"
"* Avoid repetition across candidates.\n\n"

"6. Candidate Count:\n"
"* Generate the minimum number of candidates needed to fully cover the paragraph - up to 5.\n"
"* If 2-4 are sufficient, stop there. Do not force 5.\n"
f"* Remember, each candidate must aim to be {num_words} words.\n"

"Format your output as a numbered list of 1-5 sentences, with no extra text.\n\n"

"Here is the narrative paragraph:\n"
f"{text} \n"

"Now generate the candidate audio descriptions."
)
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Algorithm 4 Stage III prompt for scoring adherence to AD guidelines

system_prompt = (
"You are a precise and fair rule-checker. You only lower the score when a description clearly
breaks one of the defined rules.\n"
"Be especially careful to catch:\n"
"* Any mention of inferred emotions or internal states (e.g., ’worried’, ’nervous’, ’concerned’,
’frustrated’)\n"
"* Any reference to speech or dialogue (e.g., ’talks’, ’speaks’, ’conversation’)\n"
"* Any reference to the camera perspective or the viewer (e.g., ’off-screen’, ’away from the
camera’)\n"
"* Any mention of coloured circles (e.g., red/green/blue/yellow circles)\n"

)

user_prompt = (
"You are evaluating the following description for rule violations.\n\n"
"Description:\n"
f"{candidate}\n\n"
"Check whether the description breaks any of the following rules:\n"
"* Explicit mentions of emotion or internal state (e.g., ’nervous’, ’worried’, ’concerned’,
’frustrated’)\n"
"* Descriptions of speech or conversation (e.g., ’talks’, ’speaks’, ’discusses’, conversation’)\n"
"* References to the camera perspective, screen, or the viewer (e.g., ’off-screen’, ’in front of
the camera’, ’toward the camera’)\n"
"* Mentions of coloured circles (e.g., ’red circle’, ’blue circle’, ’green circle’, ’yellow
circle’)\n\n"
"Scoring:\n"
"* 3 = Fully compliant - no rule violations\n"
"* 2 = Partially compliant - minor violation, mostly adheres to rules.\n"
"* 1 = Non-compliant - major rule violation(s)\n\n"
"Important: Only give a score below 3 if the description clearly breaks one of the listed
rules.\n\n"
"Clarifications:\n"
"* A minor violation means the description still conveys meaningful visual content on its own,
despite the violation.\n"
"* Do not penalize vague, brief, or underspecified descriptions.\n"
"* Facial expressions (e.g., raising eyebrows), head movements (e.g., turning), and eye movements
(e.g., looking around, glancing) are permitted unless they include clear emotion words (e.g.,
’worried’, ’nervous’, ’concerned’, ’frustrated’).\n"
"* Mouth movements (e.g., mouth opens) are fine unless they clearly imply speech.\n"
"* Describing a camera or screen (e.g., TV, monitor) as an object is fine - only references to
the camera’s perspective or the viewer are violations.\n"
"* Coloured circles are always violations.\n"
"Examples:\n"
"Score 3: ’The man furrows his brow and picks up a gun and a camera.’ (no rule violations)\n"
"Score 2: ’The woman in a red dress walks toward the door, looking tense.’ (’looking tense’
describes emotion/internal state - minor violation; the main action ’walking toward the door’
still remains meaningful on its own)\n"
"Score 1: ’The camera zooms in on a man with a red circle.’ (references to camera and coloured
circle - major violations)\n\n"
"First, list any rule-relevant observations in 1-2 sentences. If a rule is broken, note whether
the violation is minor or major. Then, assign a score from 1 to 3.\n"
"Output your response in the following format:\n"
"Observations: [...]\n"
"Score: [1-3]"

)
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Algorithm 5 Stage III prompt for scoring redundancy.

system_prompt = (
"You are a redundancy evaluator.\n"
"Your job is to judge how much new information a candidate description adds beyond the previous
description(s).\n"
"Do not go out of your way to find small or indirect overlaps "
"- only count something as repeated if its meaning clearly matches what was already described.\n"
"Default to a score of 3 unless the candidate clearly, without any assumptions, repeats an event
(action, interaction, or visible state) that was already described.\n"
"If no new event is introduced, assign a score of 1.\n"

)

user_prompt = (
"You are checking how much new information the candidate description adds to the previous
description(s).\n\n"
"Compare the candidate with the previous description(s) and judge how much of the content is
new.\n\n"
"Previous description(s):\n"
f"{current_desc}\n\n"
"Candidate description:\n"
f"{candidate}\n\n"
"Assign a score from 1 to 3 based on the following criteria:\n"
"* 1 = Almost all content is already stated - no new event is introduced.\n"
"* 2 = Some content is new - a clearly repeated event is present, but a new event is also
described.\n"
"* 3 = Most of the content is new - no events are repeated.\n"
"Clarifications:\n"
"* People (including their appearance if unnamed), objects, or locations do not count as repeated
content.\n"
"* If the candidate continues a prior event, do not treat it as repetition if it adds clearly new
and meaningful actions or visual developments.\n"
"* Only assign a lower score if a clearly repeated event (action, interaction, or visible state)
is present.\n"
"* Do not go out of your way to find subtle or indirect overlaps - only count something as
repeated if its meaning clearly matches what was already described.\n"
"Examples:\n"
"* Score 3:\n"
" Previous: ’A man in a red shirt is picking up a gun from the table.’\n"
" Candidate: ’A man in a red shirt is looking at a gun and smiling.’\n"
" (All events, looking at the gun, smiling, are new and not mentioned before.)\n\n"
"* Score 2:\n"
" Previous: ’Jim walks toward the door.’\n"
" Candidate: ’Jim approaches the door and opens it with his left hand.’\n"
" (One event, approaching the door, is similar to walking toward it, but the second event,
opening the door, is clearly new.)\n\n"
"* Score 1:\n"
" Previous: ’The car with its headlights on drives forward through the intersection.’\n"
" Candidate: ’The car moves forward with its headlights on.’\n"
" (The same event, moving forward with headlights on, is repeated in different words. No new
events are added.)\n\n"

"Instructions:\n"
"Write your observations in 1-2 sentences explaining how much of the candidate’s content is
new.\n"
"Then assign a score from 1 to 3.\n\n"
"Important: Default to a score of 3 unless the candidate clearly, without any assumptions,
repeats an event already described. If no new event is introduced, assign a score of 1.\n"
"Output format:\n"
"Observations: [...]\n"
"Score: [1-3]"

)
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Algorithm 6 Stage III prompt for scoring story advancement.

system_prompt = (
"You are a visual narrative progression evaluator.\n"
"Your job is to judge how much a candidate description advances the scene beyond the previous
description(s).\n"
"Treat the previous description(s) as the current state of the scene.\n"
"Focus on new actions, interactions, or changes that clearly affect what is happening in the
scene.\n"
"Minor movements or posture shifts (e.g., turning, walking, looking around) should only be scored
higher if they cause a clear shift in focus, direction, or interaction.\n"
"Descriptions of appearance, background, or static visual elements should receive the lowest
score unless they visibly affect the scene.\n"
"Base your evaluation only on what is explicitly stated. Do not infer intent, emotions, or
consequences that are not shown.\n"

)

user_prompt = (
"You assess whether a candidate description advances the visual narrative beyond the previous
description(s).\n\n"
"Carefully read the previous description(s) and the candidate.\n\n"
"Previous description(s):\n"
f"{current_desc}\n\n"
"Candidate description:\n"
f"{candidate}\n\n"
"Evaluate what new visual information the candidate explicitly adds. "
"Look for new actions, interactions, or visually meaningful changes.\n"
"Scoring Criteria:\n"
"* 5 = Major action, event, or change that clearly advances the scene.\n"
" Example: ’The man pulls the trigger, and the gun fires.’ (Highly significant change in the
scene)\n"
"* 4 = Clear action, interaction, or change that adds meaningful development to the scene.\n"
" Example: ’She picks up the phone from the table.’ (Initiates a new event)\n"
"* 3 = Minor action or movement that slightly advances the scene by shifting focus, direction, or
interaction.\n"
" Example: ’The boy steps away from the table.’ (shift in position)\n"
"* 2 = Minor gestures or visual details that add tone or context but do not affect what is
happening in the scene.\n"
" Example: ’The woman sits at her desk.’ (No change in the scene)\n"
"* 1 = Static visual detail with no narrative impact.\n"
" Example: ’A lamp rests on the side table.’ (No change in the scene)\n\n"
"Important:\n"
"* Score based on whether the candidate changes the current state of the scene.\n"
"* Descriptions that visibly change the course of events or introduce new interactions should
score higher.\n"
"* Minor actions or gestures with no effect on others or the unfolding situation should score 2
or lower.\n"
"* Purely descriptive details about appearance, background, or already-known elements should
score 1.\n"
"* Onscreen text should be scored by its narrative impact. If it introduces new facts or reframes
the scene, it may merit a 3-5.\n"
"* Only use the information explicitly shown in the candidate. Do not assume anything beyond what
is described.\n"
"Describe what the candidate contributes to the ongoing scene in 1-2 sentences. Then assign a
score from 1 to 5.\n"
"Output Format:\n"
"Observation: [...]\n"
"Score: [1-5]"

)
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Algorithm 7 Stage III prompt for counting visual elements.

system_prompt = (
"You are an expert in structured scene parsing.\n"
"Extract only explicit, observable, and non-redundant visual details from a description.\n"
"Each item must be counted exactly once - no duplicates within or across categories.\n"
"Only include elements that are clearly described and visually relevant to the described event.\n"
"Participants and Actions must play a central role in the described event. "
"If an entity or action is not clearly central, demote it to ’Other Details’.\n"

)

user_prompt = (
"You are given a scene description. "
"Extract and count only the most visually **salient** elements under the following two
categories:\n\n"

"----\n\n"

"1. **Participants**"
"* Include only people, animals, or objects that play a **visually central and narratively
important role**.\n"
"* Do **not** include someone just for being present or named. They must be doing something
important, or something important must be happening to them. \n"
"* Prioritize scenes with **multiple active entities** - especially if they are interacting
meaningfully. \n"
"* Ask: *Would this participant make the moment feel different if removed?*\n\n"

"**Valid examples:**\n"
"- woman covered in blood\n"
"- man pointing a gun\n"
"- child gripping a torn photo\n\n"

"**Invalid examples (unless clearly emphasized):**\n"
"- person walking\n"
"- woman seated in the background\n"
"- man standing\n\n"

"----\n\n"

"2. **Other Details**\n"
"* Include only **striking descriptive elements** - things that change the tone, reveal something
dramatic, or stand out visually.\n"
"* Focus on things like blood, injuries, fire, smoke, damage, or strong emotional expressions.\n"
"* Do **not** include ordinary background elements, red/green circles, or routine
clothing/furniture unless the sentence highlights them as important.\n"
"* Ask: *Would a blind viewer miss something essential if this detail were skipped?*\n\n"

"**Valid examples:**\n"
"- blood on the floor\n"
"- shattered glass underfoot\n"
"- smoke billowing from a doorway\n\n"

"**Invalid examples (unless clearly emphasized):**\n"
"- red circle, green circle\n"
"- lamp, couch, hat visible in the background\n\n"

"----\n\n"

"**Important Guidelines**\n"
"- Leave categories empty unless something clearly stands out.\n"
"- Count only what is **explicitly stated**, not inferred.\n"
"- Do **not** list anything generic or background unless the sentence signals its importance.\n"
"- Each detail must be **distinct** and appear in only one category.\n\n"

"**Output Format (strict):**\n"
"Participants: <comma-separated list> - <count>\n"
"Other Details: <comma-separated list> - <count>\n\n"

"Now extract salient visual content from the following description:\n"

"Description:\n"
f"{candidate}\n"

)
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Chapter 4

Holistic Evaluation of Audio Descriptions

To improve accessibility, there has been a growing interest in automatic Audio Description (AD)
generation [3, 4, 6, 8, 9, 12, 15–17]. However, even after development of several new methods and met-
rics (Sec. 2.1.3), evaluation centres around comparing ground-truth (GT) ADs against predictions for
each trimmed clip—few second video clips trimmed to the AD narration timestamps. This is a conse-
quence of treating AD generation as a video clip captioning task.

As shown in Fig. 3.1, metrics such as CIDEr [21] and LLM-AD-Eval [6] produce highly correlated
scores and often reward predictions that simply mention correct names or objects, while failing to pe-
nalise redundancy across outputs or capture the coherence of the overall narrative. Moreover, these
metrics enforce matching against a single GT, overlooking the fact that each time interval may encom-
pass multiple valid descriptions. AD evaluation is subjective in nature—two experts may write different
ADs for the same video. In Sec. 4.1, we present a thorough analysis of this variability for a subset of
movies (with two AD sources).

To overcome these issues, for evaluation, we move away from conventional metrics (e.g. CIDEr,
LLM-AD-Eval) that compare GT to predicted ADs for a single interval. Instead, we adopt two metrics:
(i) StoryRecall that captures whether visual details and narrative points mentioned in the GT are con-
veyed by the predictions; and (ii) Repetition metrics that assess the redundancy of generated ADs. In
Sec. 4.3, we evaluate sequence-level AD generation on CMD-AD videos and observe qualitative and
quantitative improvements in generated ADs. We additionally evaluate on ADQA in Sec. 4.4, a bench-
mark that poses multiple-choice questions to assess whether generated ADs enable blind or visually
impaired (BVI) users to perceive visual details and follow the story.

4.1 Takeaways from Two AD Sources

Work under this section was done with Divy Kala, Research Assistant at the same group
The CMD-AD dataset relies on AudioVault 1 as the primary source of ADs. In this section, we study

the variability across multiple professional Audio Description (AD) narrations for the same movie.

1See https://audiovault.net/.
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S1: The asset emerges
      behind them.
S2: The asset appears
     behind them.

S1: The riders dismount
      from their horses.
S2: The patrol rides
      through and dismounts.

S1: A barn looms.
S2: The DeLorean speeds into
      a large rickety looking barn.

S1: Red globe-shaped Japanese lanterns hang above the water.
S2: Quaid crosses a footbridge and makes his way through the crowds.

S1: Doug turns around.
S2: He stops and looks
      back.

B C P % Reason / Implication

↑ ↑ 33.8 Same detail with similar words
↑ ↓ 16.3 Same detail with different words
↓ ↓ 33.8 Different details for the same clip
↓ ↑ 16.1 Matched words but poorer semantic match
- 0 26.6 Catastrophic failure, different words

Figure 4.1 BERTScore (B) vs. CIDEr (C) for time-aligned ADs of a movie. The quadrants and ↑ or ↓
labels are separated by median scores (B: 86.2, C: 3.1) and the proportion of samples in each quadrant
is in P %. We summarize the reasons for these scores in the table. Best seen on screen in color. An
interactive plotly chart is included in the supplement.

4.1.1 Aligning Multiple AD Sources

For a subset of movies in CMD-AD, we identify and analyze multiple AD narrations from Audio-
Vault. Some are US vs. UK movie variants2 while others are multiple narrators for the same movie.

AudioVault hosts movie audio files (including dialog, music, sound effects) on which AD narrations
are overlaid. To align AD sources, we follow three steps: (i) obtain timestamped transcriptions using
WhisperX [48]; (ii) classify each transcription as AD or dialog using an LLM; and (iii) align the two
transcriptions using dynamic time warping [6] anchored via dialog that have strong matches. Apart from
a few movies with missing scenes that are treated manually, the above process yields good alignments.

While this procedure is similar in spirit to AutoAD-3 [6], there are two important differences. (i) We
observe that using an LLM results in better AD/dialog classification than identifying the narrator’s voice.
(ii) We align two transcribed sources containing dialog + AD, while AutoAD-3 aligns transcribed CMD
videos (dialog) with AudioVault transcriptions (dialog + AD).

2In our analysis, the content across these variants is quite similar allowing us to use them for our work.
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Figure 4.2 Impact of time duration overlap threshold on AD alignment on the two-source subset of
CMD-AD movies. The fraction (%) of non-aligned ADs increase with threshold (expected). Interest-
ingly, at low thresholds, 25-30% ADs are not aligned indicating that many ADs in one source are not
present in the other. Additionally, CIDEr does not increase with better temporal overlap (high threshold)
and is a brittle metric.

Aligned % Overlap BERTScore CIDEr
60.7±16.7 85.6±16.8 85.3±6.4 37.3±97.6

Table 4.1 Results of aligning and mapping ADs between two sources for 17 movies of the CMD-AD
dataset. Mean CIDEr of 37.3 is top-line human performance. About 39% ADs are unaligned (overlap
< 0.5).

Our alignment process provides a timeline of sequentially aligned dialog from both sources, inter-
spersed with ADs. Next, we greedily map ADs from both sources after compensating for the time
difference (slope and offset). Specifically, we consider the duration of an AD in source 1, map it to
source 2, and pair ADs based on the amount of overlapping duration While the decision to map hinges
on an overlap threshold (0.5), Fig. 4.2 shows that even at low thresholds about 25-30% ADs remain
unaligned.

4.1.2 Similarity between Aligned ADs

For a subset of CMD-AD movies with two AD sources, Tab. 4.1 shows the % of aligned ADs, and
average similarity scores: BERTScore [45] and CIDEr [21]. Even for aligned ADs, we observe poor
CIDEr scores highlighting the challenges of using N-gram based metrics. Next, in Fig. 4.2 we observe
that the fraction of non-aligned ADs increase with the threshold (expected). Surprisingly, among aligned
ADs, CIDEr stays constant and even reduces a bit. To investigate further, Fig. 4.1 compares BERTScore
against CIDEr for mapped AD pairs. We see 5 important scenarios corresponding to low/high values
of the similarity metrics. They highlight the subjective nature of ADs where aligned ADs may describe
different details (33.8%), or the same detail, but using different words resulting in poor CIDEr scores
(16.3%). Finally, about 27% of the pairs suffer failure and score 0 on CIDEr.
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We summarize our takeaways: (i) Different AD narrators may describe events at different times
resulting in a large proportion of unaligned ADs. (ii) Even among ADs aligned in time, narrators
may pick different visual details appropriate for a coherent story, but resulting in low similarity scores.
(iii) Different words may be used to describe the same visual detail. Here, N-gram metrics like CIDEr
are a bad choice to evaluate ADs as they do not comprehend the semantic nature of ADs.

Overall, these findings advocate that comparing ADs in a one-to-one manner (evaluation like video
captioning) is inappropriate as two professionals may often disagree. We need a better evaluation aimed
at the heart of AD creation—do they help BVIs appreciate and understand the story.

4.2 Sequence-Level AD Evaluation

Traditional AD evaluation independently compares each description to a single ground truth (GT).
This overlooks the fact that ADs are intended to form a coherent sequence that, among other goals,
(i) conveys the story, and (ii) remains non-redundant. To address this, we propose two types of met-
rics: StoryRecall that evaluates whether the generated sequence captures the same visual story as the
reference GT sequence (Sec. 4.2.1), and repetition metrics that measure redundancy (Sec. 4.2.2).

4.2.1 StoryRecall

To evaluate whether the predicted AD sequence captures the key events of the video, we assess how
well they recover the storyline conveyed in the GT sequence. Although individual GT descriptions may
not align one-to-one with the predicted ADs (due to subjective choices or differing focus, as discussed
in Sec. 4.1), the full sequence collectively captures the core visual events, making it a reliable reference.

We construct the GT and predicted sequences by concatenating all ADs within each video. An LLM
then compares the two sequences and assigns a score from 1 to 5, reflecting how much of the GT’s visual
content is conveyed. For example, a score of 5 indicates that the predicted sequence captures nearly all
key actions, events, and visual details described in the GT. Note, during the comparison, paraphrasing
and reordering are allowed, provided the core visual narrative remains intact. Extra information in the
predicted sequence is not penalised. The final score is computed as the average across all videos.

4.2.2 Repetition metrics

Complementary to StoryRecall, we propose explicitly monitoring repetition in AD evaluation, as it
can reduce the effectiveness of an AD sequence by wasting valuable narration time and limiting the
inclusion of new information. Specifically, we consider two simple repetition measures.

First, we compute the number of exact repetitions. For each description, we compare it to the next
three consecutive descriptions and check for exact string matches. We then report the proportion of ADs
with exact matches across the entire dataset, yielding three percentages—one for each offset.

26



Method Training-Free StoryRecall ↑ Exact Repeat% ↓ Partial Repeat% ↓

Ground Truth - - (0.00, 0.00, 0.00) (03.71, 04.42, 03.97)

AutoAD-III [6] ✗ 2.11 (4.51, 2.81, 1.99) (16.01, 11.90, 10.44)
UniAD [8] ✗ 2.13 (4.15, 2.44, 2.10) (16.21, 12.27, 11.57)

AutoAD-Zero† [12] ✓ 2.27 (0.19, 0.32, 0.30) (07.87, 08.13, 08.13)
AutoAD-Zero [12] ✓ 2.27 (0.55, 0.31, 0.21) (13.26, 10.62, 09.59)
Shot-by-Shot [16] ✓ 2.43 (0.42, 0.15, 0.12) (19.06, 15.18, 13.56)

CoherentAD (Ours) ✓ 2.63 (0.00, 0.00, 0.00) (05.21, 04.45, 04.18)
w/o multiple candidates ✓ 2.49 (0.04, 0.00, 0.02) (08.17, 06.78, 06.19)

Table 4.2 Quantitative comparison on CMD-AD. The first row indicates the inherent level of repeti-
tion in ground-truth descriptions, serving as a lower bound for repetition scores. † denotes the original
AutoAD-Zero adopting the VideoLLaMA-7B VLM backbone in the first stage, while all other training-
free methods (including Ours) employ Qwen2-VL-7B. The repetitions are reported against the three
offsets.

Second, we capture partial repetitions through lexical overlap, by computing the intersection over
union between descriptions. Specifically, we extract a set of tokens from each description by lowercas-
ing the text, removing punctuation and English stopwords, and applying tokenisation using NLTK [49].
As with exact repetitions, we compute three overlap scores per video, corresponding to the three offsets.

4.3 Evaluating Sequences of Audio Descriptions

4.3.1 Dataset and metrics.

We evaluate our method CoherentAD (from Chapter 3) on the test set of CMD-AD [6], with 7, 316

ADs for 591 videos of 98 movies. We report the sequence-level metrics proposed in Sec. 4.2.

4.3.2 Quantitative results.

Tab. 4.2 reports the performance on the CMD-AD dataset for both fine-tuned (top) and training-free
(bottom) methods, where all prior works fall short on our sequence-level metrics. For instance, [16] pro-
duce substantially higher partial repetitions (19.06%) between consecutive predictions than the ground
truth (3.71%). In contrast, our method prioritises sequence-level coherence by design, significantly out-
performing the previous state-of-the-art on StoryRecall (2.63 vs 2.43) and achieving repetition scores
that closely match the ground truth, with zero exact repeats. This indicates that the overall sequence
remains coherent and faithful to the original narrative.

4.3.3 Ablation without Multiple Candidates.

Notably, our ablation without multiple candidate generation (generating one AD per interval) achieves
significantly lower repetition than [16] (8.17 vs 19.06). [16] rely on concise VLM outputs that highlight
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r StoryRecall ↑ Partial Repeat% ↓

1 2.56 (5.05, 4.71, 4.33)
2 2.60 (5.10, 4.28, 4.30)
3 (default) 2.63 (5.21, 4.45, 4.18)

Table 4.3 Varying the number of prior descriptions (r) during scoring. r = 3 (default) gives the best
StoryRecall and lowest overall repetition across positions.

Method Train Old Metrics Vis App Narr Und
C LLMe CC Ratio CC Ratio

Dialog only - - - 10.0 33.1 58.9 81.0
AutoAD-III ✓ 25.0 2.01 14.9 49.3 63.2 86.9
UniAD* ✓ 21.8 2.92 14.3 47.4 63.0 86.6
AutoAD-Zero ✗ 17.7 1.96 13.4 44.3 62.9 86.5
Q2VL ✗ - - 17.2 57.0 51.2 70.4
CoherentAD(Ours) ✗ 13.2 2.17 15.2 50.34 64.0 88.0

AV1 - - - - - 72.7 100
AV2 (17) - - - 30.2 100 75.0 103

Table 4.4 Evaluation of various generated and human authored ADs on ADQA. Results are reported
with dialog + AD as context. DistinctAD is with Llama. NarrAD is with curation. UniAD has
some missing outputs. The ”Train” column indicates if the method is trained (✓) or training-free (✗).
Acronyms are as follows: Vis App: Visual Appreciation, Narr Und: Narrative Understanding. The met-
rics are C: CIDEr, LLMe: LLM-AD-eval [6], CC: correct answer using context, and Ratio: Accuracy
ratio.

the most prominent character, action, or interaction, often leading to redundant phrasing and missing vi-
sual details. In contrast, our setup aggregates a wider range of outputs from the VLM, resulting in more
diverse and informative descriptions. Even without leveraging neighbouring context, this setup achieves
a slightly higher StoryRecall than [16] (2.49 vs 2.43). Further, shifting from single descriptions to our
multi-candidate setup increases StoryRecall and decreases repetition. (8.17 vs 5.21).

4.3.4 Ablation on Varying Context Size.

Tab. 4.3 shows results for different values of r, the number of prior descriptions used in Sec. 3.1.3.
Using r = 1 gives the lowest partial repetition at position 1 (5.05) but slightly higher repetition at later
positions and lower StoryRecall (2.56). Performance improves with r = 2 (2.60), and r = 3 achieves
the best balance with the highest StoryRecall (2.63) and lowest overall repetition (5.21, 4.45, 4.18).
Exact repeats are zero in all cases.

4.4 ADQA: Evaluating ADs via Question Answering

The work in this section was done by Divy Kala.
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Writing ADs is a complex task that requires professionals to identify the most relevant visual ele-
ments and describe them in a coherent and concise manner to fit within the gap between dialogs [50].
Two themes are central to ADs: (i) they help BVI audiences appreciate the visual elements enriching
their experience, and (ii) they support narrative understanding by conveying essential visual plot points.

We posit that AD evaluations must capture both these aspects, and propose the ADQA benchmark, a
multi-choice question-answering (MCQA) framework. For visual appreciation, questions are automat-
ically generated from factual details in ground-truth ADs. For narrative understanding, questions are
based on plot descriptions aligned to video segments using LLMs. In both cases, the questions have
one correct answer among five options, and the LLM provides both the correct answer and a rationale,
ensuring question quality through self-verification. This setup shifts the evaluation focus from surface
similarity to functional utility: would the generated ADs help BVIs perceive key visual elements and
follow the story?

In Tab. 4.4, we report performance using two metrics: CC (correct answers grounded in the pro-
vided ADs), and the accuracy ratio, which normalizes model performance relative to human-authored
ADs (AV1, AV2, LSMDC). We evaluate various AD generation approaches. These include trained
models (AutoAD-III [6], UniAD [8], DistinctAD [9]) and training-free baselines (AutoAD-Zero [12],
NarrAD [17]). We also evaluate human-authored ADs (AV1, AV2, LSMDC) to establish upper bounds,
and use dialog-only context as a lower-bound baseline. Finally, we include results from CoherentAD. To
evaluate visual comprehension in VideoLMs, we use the summarised narratives produced by Qwen2VL [43]
in Sec. 3.1.1, consisting of paragraph-length descriptions that are not bound by strict AD timing con-
straints.

Results. The dialog only context establishes a strong baseline for evaluation. Thankfully, all models
outperform this on VA questions indicating that ADs are required to appreciate the rich visuals of a
movie. However, the same does not hold for NU questions, where the gap between the dialog-only
baseline and other methods is relatively small. This highlights the contribution of dialog to the narrative.
The results indicate serious room for improvement to generate ADs that help drive the story. For the
NU task, the results are a bit saturated and models give high scores on CMD-AD (88% Ratio).

Interestingly, AV1 and AV2 achieve similar scores on CMD-AD NU questions (72.7% and 75.0%
CC) despite the latter covering only 17 of 98 movies. Q2VL achieves the highest accuracy ratio (57.0%)
on CMD-AD VA questions hinting that many details are perceived and effective editing with training-
free approaches is a good direction. Q2VL achieves this high Visual Appreciation (VA) accuracy ratio
by densely summarizing everything visible in a scene. However, its outputs are paragraph-length and
unconstrained by AD timing, making them unsuitable for real-world narration. In contrast, CoherentAD
produces single-sentence descriptions that are concise enough to fit within AD intervals, yet still retains
high VA performance (50.34)—second only to Q2VL. Given its real-world applicability and strong VA
score, CoherentAD offers a more practical solution.

Despite scoring lower on conventional metrics like CIDEr (13.2) and LLM-AD-Eval (2.17), Co-
herentAD outperforms all prior methods on Narrative Understanding (NU) with a CC score of 64.0
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and the highest accuracy ratio of 88.0. The lower NU scores of the summarised paragraphs, compared
to our method, may be attributed to the LLM’s difficulty in processing large dumps of information.
This demonstrates that our training-free, sequence-level approach produces ADs that are more function-
ally useful—even when not favored by similarity-based metrics—highlighting the limitations of relying
solely on CIDEr-style evaluations for assessing AD quality. Taken together, these results establish Co-
herentAD as the most effective method across both VA and NU.
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Chapter 5

Comparing Human Gaze and Model Attention in Video Memorability

Human Gaze Fixation Heatmap Model Attention Map

GT: 0.96
PR: 0.94

GT: 0.80
PR: 0.90

GT: 0.93
PR: 0.94

GT: 0.66 
PR: 0.67

Figure 5.1 Comparing human gaze fixations (left) and model’s attention maps (right) for 3 different
videos (one per row). The memorability scores, ground-truth (GT) and model prediction (PR), are pro-
vided on the left. The heatmaps depict areas of high visual attention through warmer colors (red-yellow),
indicating regions where human observers fixated (left) and model attended (right). The model’s atten-
tion patterns are aligned with human gaze patterns, especially for more memorable videos. Samples
from Memento10k [2].

This chapter was completed with the help of my co-advisor Prof. Vishnu Sreekumar, and co-
author Prajneya Kumar. Please refer to our original paper for details.1

In 2018, Nike’s “Dream Crazy” commercial featuring Colin Kaepernick captured nationwide atten-
tion in the US2. This advertisement was especially memorable because it was aired in the aftermath
of Kaepernick’s protests against race-based police brutality. While the context made this commercial
memorable for US-based audiences, other types of commercials tend to be memorable in general. For
example, a famous 2013 E-Trade Super Bowl commercial features a baby seated behind a stack of cash
talking about investments and hidden fees3. This sort of ad is likely to be memorable regardless of

1https://arxiv.org/abs/2311.16484
2Dream Crazy https://www.youtube.com/watch?v=WW2yKSt2C A
3E-Trade ad https://www.youtube.com/watch?v=EbnWbdR9wSY
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cultural context due to several attention-grabbing features, notably, a baby talking in an adult voice and
delivering investment advice. This latter type of memorability, thought to be consistent across indi-
viduals and cultures, has been extensively studied in both cognitive science and computer vision using
images [24, 25] and words [51, 52]. In this work, we ask: what are the spatial, temporal, and semantic
patterns of attention that are associated with video memorability? To answer this question, we train
a CNN+Transformer model to predict human memorability of naturalistic videos, use self-attention
scores to determine where the model looks across space and time, and collect human eye-tracking data
to compare the model’s attention against human fixations (Fig. 3.1).

Early work on image memorability reveals the importance of both object and scene categories in pre-
dicting memorability [24,28]. Semantic categories are also predictive of memorability across stimuli, in-
cluding words [51,52] and indeed, prior work shows that context guides eye movements to task-relevant
object locations [53]. Thus, we investigate what semantic categories in videos drive memorability. Video
captioning approaches have been used in previous semantic analyses of video memorability [2, 54, 55].
However, to our knowledge, we are the first to present a detailed analysis of attention captured by dif-
ferent semantic categories when humans attempt to memorize videos and when a model is trained to
predict these memorability scores. We apply panoptic segmentation [56] and adopt the COCO hierar-
chy [57] to distinguish between things (i.e. objects with well-defined shapes such as person) and stuff
(i.e. amorphous background regions such as sky) in the video frames. Next, we compare pixel distribu-
tions weighted by model attention and human gaze and find that both the model and humans generally
enhance attention to things and reduce attention to stuff. Furthermore, the model and humans agree on
what specific things and stuff to emphasize or disregard. Overall, these results indicate that the model
learns similar attentional strategies as humans even though it is trained only to predict a memorability
score.

Beyond semantics, the time axis in videos begs an important question: how early does the model
know about the memorability of a video? Human experiments using extremely fast presentation times
reveal that image memorability differences can be observed in brain activity patterns as early as 400ms

[25, 58].

Therefore, it is possible that very early moments in a video are predictive of how memorable it will
be. Furthermore, human attention tends to be highest at the beginning of an event and wanes over the
course of the event [59]. Thus, video memorability scores may be influenced to a greater extent by the
initial frames. Note that memorability scores are computed as a consensus across participants. There-
fore, we expect the video frames that most people attend to in similar ways to drive the memorability
scores. Despite having no intrinsic temporal bias, can models trained to predict memorability pick up
on these human-like temporal attention patterns? To answer this question, we first analyse human-
human gaze agreement in our videos and establish that different people are more likely to attend to
similar regions in the initial frames. Next, summing over the model’s spatial attention scores in a frame,
we observe that the model indeed assigns greater importance to earlier frames within videos, thereby
discovering a subtle temporal pattern in human behaviour.
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Figure 5.2 Model overview. T video frames are passed through an image backbone encoder to obtain
spatio-temporal features F ∈ RT×H×W×D. Coupled with position embeddings, and after appending
a CLS token, we pass them through a Transformer encoder with self-attention. A memorability score
is calculated at the CLS representation with an MLP. Attention scores between CLS and each token are
used for downstream anaylsis.

The video memorability literature [1,39,40] focuses on high prediction performance and lacks anal-
ysis of models’ (dis)similarities to how humans view and remember videos. We aim to address this gap
in this chapter.

Note, our work aims to highlight the similarities between human fixations when performing mem-
orability experiments, and model attention when trained to predict memorability scores. A simple
CNN+Transformer architecture enables this, matches SoTA, and has not been used in video memo-
rability before.

5.1 Methods: Model and Human

We present two methods: (i) a CNN+Transformer model that predicts memorability scores using
spatio-temporal attention; and (ii) an eye-tracking study to capture human gaze patterns during a mem-
orability experiment.

5.1.1 Transformer-based Model

We begin by defining some notation. Our dataset consists of multiple videos with associated mem-
orability scores, (V,m) pairs. Each video consists of multiple frames. We sub-sample T frames for
memorability prediction and denote a video as V = {fi}Ti=1.

Our model consists of three parts: (i) a backbone image encoder Φ, (ii) a Transformer encoder that
attends over spatio-temporal tokens extracted from T video frames, and (iii) a prediction head that
estimates the memorability of a video (see Fig. 5.2).

1. Image encoder. Our goal is to employ a model that allows us to analyze the spatio-temporal attention
over video frames. Thus, we consider CNN backbones such as ResNet-50 [60], trained with contrastive
language-image pretraining (CLIP) [61]. We encode each video frame to obtain a space-aware repre-
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sentation (from the conv5 layer):

fi = Φ(fi) , where fi ∈ RH×W×D , ∀i ∈ {1, . . . , T} , (5.1)

where H ×W are height and width of the spatial resolution, and D is the dimensionality of the embed-
dings.

While previous works use multiple features: frames, flow, and video by [2]; low-, mid-, and high-
level representations and a contextual similarity module by [39]; or a host of 10+ models fed to an
LLM by [40], our model relies on a single semantic backbone (CLIP). Our simple approach enables the
analysis of model’s spatio-temporal attention maps through a comparison to human gaze.

2. Video encoder. We use a Transformer encoder [62] to capture attention across spatio-temporal
tokens. First, we flatten and encode the image features using a linear layer Wd ∈ Rd×D to reduce
dimensionality. Next, to each token, we add two types of position embeddings:

f ′ij = Wdfij +Et
i +Es

j , ∀i ∈ {1, . . . , T}, j ∈ {1, . . . ,HW} , (5.2)

where Et
i is the ith row of the temporal embedding matrix (learnable or Fourier), and Es

j is the jth row
of the spatial embedding matrix, and fij ∈ RD is the feature at frame i and spatial region j.

We prepend a CLS token (with learnable parameters hCLS) to create a sequence of 1+THW tokens
and post LayerNorm [63] feed this to a Transformer encoder (TE) of L layers with hidden dimension d:

[h̃CLS, f̃11, . . . , f̃THW ] = TE([hCLS, f
′
11, . . . , f

′
THW ]) . (5.3)

3. Predicting memorability. We pass the CLS token’s contextualized representation to an MLP and
predict the memorability score: m̂ = MLP(h̃CLS).

Extracting attention scores. We extract the self-attention matrix from the multi-head attention module
of the last layer of the TE. We mean pool over the heads and pick the row corresponding to the CLS

token. Ignoring the self token, this attention vector α ∈ RTHW ,
∑
α = 1, is used for further spatio-

temporal analysis. We obtain an attention map of the size of the image by applying upscaling (pyramid
expand) on the H ×W attention scores of each frame.

Training and inference. Similar to previous work [2,39] we use the MSE loss L = ∥m− m̂∥2 to train
our model. We also considered the Spearman loss [39], but did not see significant performance gains.
For most experiments, we freeze the backbone and rely on the strong semantic features extracted by
CLIP pretraining.

5.1.2 Eyetracking Study: Capturing Gaze Patterns

The work in this subsection was done by Prajneya Kumar.
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Figure 5.3 Design of eye-tracking experiment. A subject watches alternating videos and drift correction
fixation crosses (typically between 0.5 s to 1 s). A vigilance video (one of 40) is repeated in a short
interval of 2-3 videos to ensure that the subject is alert, while the target videos (one of 20) have a lag of
at least 9 videos. Filler videos (80) are not repeated.

We collect eye-tracking data while participants view videos in a memory experiment. The setup (as
showin in Fig. 5.3) follows the original video memorability experiments [1, 2], as we want the gaze
patterns to accurately reflect the cognitive and visual processes involved in viewing and remembering
videos.

Our study has 20 participants (9 females, 11 males, Age 22.15 ±0.52 (mean ±SEM)). Memento10K:
6 females, 4 males, Age 22.9 ±0.94. VideoMem: 3 females, 7 males, Age 21.4 ±0.37. We choose 140

unique videos each from both video datasets: Memento10K [2] and Videomem [1].

Further details on data collection and processing are available in the main paper.4

5.2 Datasets and Experimental Setup

Video memorability datasets. We perform experiments on two datasets: (i) VideoMem [1] consists of
10K, 7 second video clips, each associated with a memorability score. (ii) Memento10K [2], introduced
as a dynamic video memorability dataset, contains human annotations at different viewing delays. This
dataset consists of 10K clips, but they are shorter in duration (3 seconds).

Data splits. VideoMem has 7000 videos in the training set and 1000 in the validation set (MediaEval
workshop [64]). Past works report results on the validation set as the test labels are not publicly avail-
able. Memento10k is split into 7000 videos for train and 1500 each for validation and test. We provided
our model’s outputs to the competition organizers and report results on the test set.

Memorability metrics. The memorability score associated with each video in the datasets captures
the proportion of people in the original experiments who correctly recognized the video. We evaluate
model’s predictions relative to ground-truth (GT) memorability scores, using the Spearman rank corre-
lation (RC ↑). Following previous works, we also report the mean squared error (MSE ↓) to measure
the gap between GT and predictions.

4https://arxiv.org/abs/2311.16484
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Embedding Memento10k (val)

CLIP Time Space Sampling Caption RC ↑ MSE ↓

1 ST F - Random - 0.706 0.0061

2 T F - Random - 0.687 0.0062
3 ST L - Random - 0.696 0.0059
4 ST F 1D Random - 0.703 0.0057
5 ST F 2D Random - 0.701 0.0056
6 ST F - Middle - 0.703 0.0066

7 ST F - Random Orig. 0.745 0.0050
8 ST F - Random Pred. 0.710 0.0056

Table 5.1 Model ablations. Column 1 (C1) compares the impact of using spatio-temporal (ST) features
versus temporal (T) features with global average pooling. C2 and C3 specify the types of temporal
(L: learnable, F: Fourier) and spatial position embeddings used. C4 is the frame sampling method
used during training. C5 indicates whether the video caption (Orig: original caption, Pred: predicted
caption) is used in modeling. Row 1 (R1) is chosen as the default configuration for further experiments
and represents the best vision-only model. R2-6 evaluate vision model choices: features, position-
encodings, and frame sampling methods. R7 presents results with original captions (Orig.) as a part of
the model and R8 aims to predict the captions on the fly. The best results in each section are in bold,
with second-best in italics.

Implementation details. We break each video into T uniform segments and pick one frame at random
from each segment during training - this acts as data augmentation [65]. For inference, we take the
middle frame of the segment. T=5 works well for Memento10k (1.66fps) and T=7 for VideoMem
(1fps). When not specified otherwise, we train our model with the Adam optimizer [66], learning rate
10−5, and a step scheduler (for VideoMem only) with step size 10 epochs and multiplier 0.5.

5.3 Experiments: Memento

We begin with model ablation studies for Memento10k. VideoMem presents challenges due to data
leakage, which are discussed in Sec. 5.4.

5.3.1 Ablation of Vision Models

Tab. 5.1 rows 1-6 show the results of various hyperparameters of the vision model evaluated on
the validation set. Row 1 (R1) achieves best performance and is the default configuration for further
experiments. Using spatio-temporal (ST, R1) image embeddings and not performing global average
pooling (R2) shows a small improvement in RC. Similarly, using Fourier embeddings (R1) is better
than learnable ones (R3), perhaps due to the small dataset size. Surprisingly, using spatial embeddings
to identify the H×W tokens reduces performance (R1 vs. R4 or R5), perhaps due to the pyramidal
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nature of the CNN representations. Finally, using random sampling during training (R1) instead of
picking the middle frame of the segment (R6) results in a small increase. In general, the gap between all
rows is small, indicating that results are not impacted strongly by hyperparameter changes. However,
spatio-temporal (ST) CLIP embeddings are required to obtain spatio-temporal model attention maps.

5.3.2 Use of captions.

[2] introduced captions (descriptions) for the short videos in Memento10k as a way to emphasize
semantic categories for predicting memorability. In this section, we explore two ways of incorporat-
ing caption information. First, in Sec. 5.3.2.1, we assume that the ground-truth caption is available
and concatenate its token embeddings with the visual tokens during memorability prediction. Second,
in Sec. 5.3.2.2, we investigate a joint learning setup where captions are not given but are predicted
alongside the memorability score.

5.3.2.1 Assuming Caption is Available

When the caption is given, we first extract token-level representations through a BERT encoder and
append them to the spatio-temporal video tokens for memorability prediction. Text encoder. We extract

textual embeddings for the captions from the last hidden state of the BERT [46] model ψ:

{gl}Nl=1 = ψ({gl}Nl=1) , (5.4)

where gl ∈ Rd, N is the number of tokens, and d is the dimensionality of the embeddings, equal to the
reduced dimensionality of images after the linear layer.

Changes to the video encoder. We append N text tokens to the THW visual tokens fed to the Trans-
former encoder. To distinguish between text and image, we append modality specific embeddings to
both the visual (from Eq. 2) and text tokens. We also add position embeddings indicating order to the
text tokens.

f ′ij = Wdfij +Et
i +Es

j +Em
1 , (5.5)

g′
l = gl +Ec

l +Em
2 , (5.6)

where i = [1, . . . , T ], j = [1, . . . ,HW ], l = [1, . . . , N ], Et
i is the ith row of the temporal embedding

matrix (learnable or Fourier) for images, Ec
l is the lth row of the temporal embedding matrix for the

caption, Es
j is the jth row of the spatial embedding matrix, and Em

[1,2] are the modality embeddings, one
for visual tokens, another for text.

We combine the CLS token (with learnable parameters hCLS), image and text tokens to create a
sequence of 1 + TWH +N , apply LayerNorm, feed it to the TE.

[h̃CLS, f̃11, . . . , f̃THW , g̃1, . . . , g̃N ] = TE([hCLS, f
′
11, . . . , f

′
THW ,g

′
1, . . . ,g

′
N ]) . (5.7)
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Memento10k
Test Val

Methods Caption RC MSE RC MSE

SemanticMemNet ECCV20 No 0.659 - - -
M3-S CVPR23 No - - 0.670 0.0062
Ours (R1 Tab. 5.1) No 0.662 0.0065 0.706 0.0061

SemanticMemNet ECCV20 Yes 0.663 - - -
Sharingan arXiv Yes - - 0.72 -
Ours (R7 Tab. 5.1) Yes 0.713 0.0050 0.745 0.0050

Table 5.2 Comparison against SoTA for video memorability. Baselines considered are SemanticMem-
Net [2], M3-S [39], and Sharingan [40]. Split-half human-human consistency RC for Memento10k is
0.73.

As before, h̃CLS is used to predict the memorability score.

We report results when using the ground-truth caption in Tab. 5.1, row 7 (w original captions as
input). We see a 0.04 points increase in Spearman correlation (0.706 to 0.745).

5.3.2.2 Joint Prediction of Caption and Memorability

When the caption is not available, we consider predicting the caption along with the memorability
scores. In particular, we adapt CLIPCap [67], a recent approach that connects CLIP visual features with
the GPT-2 decoder using a Transformer mapping layer.

Specifically, we use a mapping network (a Transformer decoder) to convert the THW visual tokens
at the output of the Transformer encoder f̃ij to a set of P prefix tokens. The mapping network of LD=6

layers consists of P query learnable tokens and uses visual inputs as memory, P=30. The outputs of this
mapping network are fed as prefix tokens to the GPT-2, and captions are generated in an auto-regressive
manner.

We train the model jointly, to predict both the memorability score (using L1 regression loss) and the
caption (using cross-entropy loss). Results of this approach are presented in Tab. 5.1, row 3. A small
increase of 0.004 is observed in the RC score (0.706 to 0.710).

5.3.3 SoTA comparison.

Comparison to state-of-the-art works on Memento10k with different setups (val or test split, with /
without captions) is presented in Tab. 5.2. Note, our goal is to understand the attentional factors driving
video memorability through a model that provides spatio-temporal attention. Nevertheless, our model
with a single feature encoder (CLIP) achieves results comparable to SoTA (Memento10k: 0.706 val,
0.662 test). With captions, we obtain 0.713 (test). To interpret model performance reported as RC
scores, we note that a model that performs well is expected to approach a human-human consistency
RC of 0.73 for Memento10K [2].
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Table 5.3 Results of transferring an image/video memorability model to images/videos. Datasets: LM:
LaMem [27], M10k: Memento10k [2], VM: VideoMem [1], and FG: FIGRIM [68]. Training strategy:
P for pretraining and F for fine-tuning. Results reported on validation set.

Train on LaMem Memento10k VideoMem FIGRIM

LM M10k VM FG RC MSE RC MSE RC MSE RC MSE

1 F - - - 0.729 0.0074 0.526 0.0220 0.382 0.0233 0.647 0.0168
2 - F - - 0.547 0.0273 0.706 0.0061 0.439 0.0165 0.351 0.0525
3 - - F - 0.549 0.0147 0.525 0.0089 0.513 0.0060 0.501 0.0355

4 P F - - 0.679 0.0161 0.718 0.0568 0.446 0.0144 0.634 0.0318
5 P - F - 0.688 0.0090 0.459 0.0096 0.504 0.0059 0.627 0.0237
6 P - - F 0.678 0.0113 0.507 0.0130 0.392 0.0191 0.742 0.0123
7 P F F - 0.664 0.0135 0.689 0.0058 0.483 0.0062 0.626 0.0273

Furthermore, our model is trained only on the Memento10k training set, while all baselines train on
a combination of image and video memorability datasets. For example, pretraining on LaMem [33] and
fine-tuning on Memento10k improves performance from 0.706 to 0.715.

Note: All further analyses and experiments are conducted using the vision-only model, without
incorporating captions.

5.3.4 Transferring from/to Image Memorability

For completeness, we present cross-domain transfer results of pretraining and fine-tuning our model
on image or video memorability datasets and evaluation on all.

We evaluate on image memorability tasks by considering the image as a “video” of T=1. As seen
in Tab. 5.3, on the LaMem dataset [27] we match SoTA results (0.720 RC [33]). On the FIGRIM
dataset [68], we achieve results close to human performance (0.74 RC [68]). Previous studies [2] pretrain
models on image memorability datasets and then fine-tune them for video memorability prediction.
Tab. 5.3 R2 vs. R4 shows a small improvement in Memento10k RC score from 0.706 to 0.718 with
LaMem pretraining. However other results do not improve. We also observe that training on one dataset
and evaluating on another (rows 1-3) usually leads to significant degradation and is an important problem
for future work.

5.4 Why is VideoMem challenging?

The RC scores on VideoMem [1] are significantly lower than on Memento10k, even with additional
information like captions providing no improvement. EK add from supplement - Detailed results can
be found in supplement In fact, most methods achieve RC greater than the human-human RC at 0.481,
indicating that models have probably overfit to the dataset, especially as a held-out test set is not avail-
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Figure 5.4 Nearest neighbor (NN) analysis for videos from Memento10K (left) and VideoMem (right).
We illustrate four validation set videos and for each, four NN from the training set. We provide the GT
memorability score (below), the predicted score on the val set (above), and the average of 4 NN scores
from the training set. In B (right), multiple video clips with high visual similarity between train and
validation sets are highlighted with a yellow background. Conversely, the green rows highlight clips
that have similar content, but are likely from different source videos. We discuss how data leakage and
variance in GT scores may adversely affect evaluation in Sec. 5.4.

able. As evidence, the code repository of a recent work, M3-S [39]5 shows that achieving a Spearman
RC of 0.5158 is possible after using highly specific random seeds and hyperparameters.

5.4.1 Similar videos across splits.

We propose a nearest-neighbors (NN) analysis of representations and observe that improving results
on VideoMem is challenging due to problems in split creation. We visualize the NN in the training set
for each validation video based on ĥCLS, the representation before the MLP regressor. On VideoMem,
from a random sample of 30 validation videos, 14 clips have visually identical NN in the training set.
In contrast, on Memento10k, we are only able to find 1 clip among 30.

Fig. 5.4 displays a few videos illustrating this problem. On Memento10k (left), we see that NNs
show semantic awareness and matching (I food, II speaker, IV sports field). On the other hand, on
VideoMem, the NN are (probably) from the same long video. See right: I surfer, II astronaut, III news
anchor, IV farmer. Given the identical visual stimuli, the model can do no better than predict the average
memorability score of the NNs on the training set (which it does). E.g. in row II with the astronaut,
PR=0.81 is equal to the average memorability, but is away from GT=0.86. In row IV farmer, PR=0.83 is
close to the average 0.80, but away from GT=0.73. While using multiple feature backbones may help,
this is not a satisfactory solution to a fundamental issue of data leakage across splits. To address this,

5https://github.com/theodumont/modular-memorability
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Embedding Memento10k (val) VideoMem (val)

CLIP Time Space Sampling Caption RC ↑ MSE ↓ RC ↑ MSE ↓

1 Spatio-Temporal Fourier - Random - 0.706 0.0061 0.513 0.0060

2 Temporal Fourier - Random - 0.687 0.0062 0.508 0.0064
3 Spatio-Temporal Learnable - Random - 0.696 0.0059 0.502 0.0060
4 Spatio-Temporal Fourier 1D Random - 0.703 0.0057 0.506 0.0059
5 Spatio-Temporal Fourier 2D Random - 0.701 0.0056 0.505 0.0060
6 Spatio-Temporal Fourier - Middle - 0.703 0.0066 0.515 0.0059

7 Spatio-Temporal Fourier - Random Original 0.745 0.0050 0.505 0.0061
8 Spatio-Temporal Fourier - Random Predicted 0.710 0.0056 0.508 0.0061

Table 5.4 Model ablations. Column 1 (C1) compares the impact of using spatio-temporal features
versus temporal features with global average pooling. C2 and C3 specify the types of temporal and
spatial position embedding used. C4 is the frame sampling method used during training. C5 indicates
whether the video caption is used in modeling. Row 1 (R1) is chosen as the default configuration for
further experiments and represents the best vision-only model. R2-6 evaluate varying visual choices:
features, position-encoding, and frame sampling methods. R7 presents results with original captions as
a part of the model and R8 aims to predict the captions on the fly. The best results in each section are in
bold, with second-best in italics.

we attempted to recreate the splits. However, as the original source video ids are unavailable, it is not
easy to detect which video clips belong to the source video.

5.4.2 Implications for data collection.

We encourage researchers to analyze new datasets before they are released. Information about the
video source and split creation process are crucial aspects for any dataset. Additionally, memorability
scores are a measure of consensus among viewers and are therefore closely tied to the number of viewers
per video. While LaMem averages 80 scores per image, Memento10K has over 90 annotations per video,
Videomem averages 38 annotations per video, much smaller than the others. This variance in GT scores
is also observed in Fig. 5.4 (B-II), videos of the same astronaut have GT scores varying from 0.73 to
0.90, making learning difficult.

5.4.3 Video Memorability prediction for Videomem

Expanding on the model ablations for Memento10k in Sec. 5.3.3, Tab. 5.4 shows results for VideoMem,
which generally follows similar trends, with Row 1 (R1) achieving the best results. However, random
sampling during training does not improve performance and including or predicting captions has no
impact, perhaps due to the noise in the captions.

SoTA comparisons are shown in Tab. 5.5. As the test set memorability scores (labels) for VideoMem
are not available, no previous work apart from the creators of the dataset have evaluated on a held-out
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Memento10k (test) VideoMem (test) Memento10k (val) VideoMem (val)

Methods Caption RC MSE RC MSE RC MSE RC MSE

VideoMem ICCV19 No - - 0.494 - - - 0.503 -
SemanticMemNet ECCV20 No 0.659 - - - - - 0.555 -
M3-S CVPR23 No - - - - 0.670 0.0062 0.563 0.0046
Ours (R1 Tab. 5.4) No 0.662 0.0065 - - 0.706 0.0061 0.513 0.0060

SemanticMemNet Yes 0.663 - - - - - 0.556 -
Sharingan arXiv Yes - - - - 0.72 - 0.6 -
Ours (R7 Tab. 5.4) Yes 0.713 0.0050 - - 0.745 0.0050 0.505 0.0061

Table 5.5 Comparison against SoTA for video memorability on both test and validation sets for Me-
mento10k and VideoMem. Baselines considered are VideoMem [1], SemanticMemNet [2], M3-S [39],
and Sharingan [40]. Human-human split-half consistency scores are 0.73 for Memento10k and 0.481
for VideoMem.

test set. Instead, all approaches likely overfit on the validation set with RC scores much higher than
the human-human consistency RC at 0.481. Our scores are lower than other SoTA methods, likely due
to the challenges discussed in Sec. 5.4. However, we suspect that other models that leverage multiple
modalities are strongly overfitting on this dataset.

5.5 Comparing Model Attention and Human Gaze

The following work on human gaze fixation, up to Sec. 5.5.1, was carried out by Prajneya Kumar.

Setup. To compare the human gaze fixation density maps and model-generated attention maps, we first
min-max normalize them to [0, 1]. Next, we compute multiple popular metrics 6 in saliency evalua-
tion [69]: AUC-Judd [70], Normalized Scanpath Saliency (NSS) [71], Linear Correlation Coefficient
(CC) [72], and Kullback-Leibler Divergence (KLD) [73, 74].

We split participants into two random groups and for a given video, compute agreement between
the two groups using the saliency metrics. These human-human (H-H) agreement scores are averaged
over 10 random split iterations and then across videos. H-H scores act as a ceiling against which our
model-human (M-H) agreement scores are compared. To obtain chance-level performance, we compute
H-H agreement scores but now with shuffled videos (H-H Shuff.).

Results. While Chapter 5 shows qualitative results of human gaze and model attention, Tab. 5.6 indi-
cates that there is a high degree of M-H similarity across both datasets. We observe that metrics (AUC-J,
CC) often approach the H-H scores, and importantly, significantly improve over random chance (H-H
Shuff.). In Fig. 5.6, we plot AUC-Judd and NSS against GT memorability bins and observe that the
similarity between model attention and human gaze maps increases with GT memorability scores in

6We compute all metrics following the methods used by https://github.com/imatge-upc/saliency-2019-SalBCE/
blob/master/src/evaluation/metrics functions.py
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Memento10k VideoMem

Metrics M-H H-H H-H Shuff. M-H H-H H-H Shuff.

AUC-J ↑ 0.89
±0.007

0.90
±0.001

0.70
±0.002

0.89
±0.007

0.80
±0.002

0.55
±0.001

AUC-P ↑ 82.91
±1.65 - - 88.88

±1.29 - -

NSS ↑ 1.95
±0.074

3.07
±0.024

0.84
±0.022

2.00
±0.068

3.12
±0.023

0.23
±0.012

CC ↑ 0.46
±0.014

0.49
±0.003

0.16
±0.003

0.27
±0.007

0.27
±0.018

0.03
±0.001

KLD ↓ 1.48
±0.035

2.17
±0.023

4.61
±0.022

2.65
±0.020

4.02
±0.018

6.49
±0.013

Table 5.6 Comparing gaze fixation maps against model’s attention map via different metrics, along with
human-human split-half reliability scores over 10 iterations. ↑ (↓) indicates higher (lower) is better.
M-H: Model-human; H-H: Human-human; and H-H Shuff.: Human-Human shuffled (random perfor-
mance).
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Figure 5.5 Analysis of panoptic segmentation for the most common 40 classes (20 stuff, 20 things). Left
shows normalized pixel counts (blue), model attention-weighted counts (light blue), and human gaze-
weighted counts (orange). Both, model and humans, show lower affinity for stuff classes and higher for
thing classes, indicating their importance in memorability. Right Pixel counts are accumulated across
stuff and thing classes, highlighting the above trend clearly. Best viewed on screen with zoom.

both datasets. This suggests that highly memorable videos have clear regions of focus for both humans
and the model.

Center bias. Among metrics, we also considered the shuffled AUC (sAUC) [75], but it tends to unjustly
penalize valid central predictions [76]. Therefore, we introduce a metric to measure relative similarity,
AUC-Percentile. For a given video, we compare the true AUC-Judd between model attention and human
gaze against a distribution of AUC-Judd values calculated by comparing model attention from that video
and human gaze from other randomly selected videos. The percentile of the true AUC-Judd score within
the distribution of random AUC-Judd scores estimates the probability that the true score is video-specific
and is not obtained by chance or due to center bias. For instance, a model driven purely by center-bias
(using a 2D Gaussian, σ=10% of the scene height [77]) yields an average AUC-Percentile score of
76.17 ±2.62 on Memento10K and 68.47 ±2.82 for VideoMem. Results in Tab. 5.6 show that our model’s
AUC-P scores at 82.91 ±1.65 and 88.88 ±1.29 exceed these center-bias-driven AUC-P scores.
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Figure 5.6 Gaze vs. attention similarity metrics with AUC-Judd scores on the Y-axis and Ground Truth
on the X-Axis. Left: Memento10k, Right: VideoMem. Error bars depict SEMs.

Another approach to rule out the possibility that the high M-H similarity is due to center bias involves
a direct comparison between the performance of the previously explained Gaussian-based center bias
model [77] and our proposed gaze prediction model. We use the Gaussian to simulate central fixation
and calculate median AUC-J score across frames per video. Compared to the Gaussian, our model
is better aligned with human fixations across videos on both datasets, Memento10K (p = 0.003) and
VideoMem (p = 5.80× 10−12).

5.5.1 Panoptic Segmentation

We extract panoptic segmentation labels from MaskFormer [56], a SoTA model for segmentation,
on the T selected video frames (see Fig. 5.7 for examples). We use the COCO-stuff hierarchy [57] to
classify labels as stuff or things. We create three sets of counts: (i) Pixel Count sums the number of
pixels attributed to each label across frames and videos (normalized by the total number of pixels in the
frame). (ii) Model Attention weighted counts multiply the attention map with segmentation masks of
each category, summing across frames and videos. (iii) Human Gaze weighted counts are similar and
multiply gaze fixation densities with segmentation masks.

Stuff vs. things classes. We consider the most prevalent stuff and things labels (20 each) across the 140
videos of the eye-tracking dataset and observe that attention increases/decreases relative to normalized
pixel counts in similar ways for models and humans (Fig. 5.5 left). Specifically, we observe a ten-
dency for decreased attention to stuff and increased attention to things, which is clear in the cumulative
distributions (Fig. 5.5 right).

Pixel count, human gaze, and model attention across all labels. In Fig. 5.8, we show the distributions
for all stuff and things labels. Row 1 is the probability distribution of pixel counts and gaze/attention
weighted counts for stuff labels (plotted in semilog scale). In row 2, we normalize these counts by
the pixel count (blue), highlighting dynamic stuff labels such as light, food, platform receiving higher
attention weighted scores, while other mundane labels such as wall, sky, road receiving lower scores.
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A similar analysis is shown for things in rows 3 and 4. Here too, we observe that daily objects such
as bed, car, toilet receive less human and model attention to account for memorability, while dynamic or
interesting objects such as person, dog, bird, wine glass, banana (among others) receive higher attention.
This confirms that not all objects are interesting.

Note, while this analysis is also subject to accuracy of Maskformer [56] (the panoptic segmentation
approach), qualitatively, we find this to be quite reliable as seen in Fig. 5.7.

5.5.2 Temporal Attention

We first analyze whether humans look at similar regions across frames of a video and find that they
are more consistent in the initial frames of the video as compared to later frames, see Fig. 5.9 (blue).
However, it is possible that this result is driven by center bias if most videos have salient central regions
at the start. To rule this out, we identify a subset of videos that have off-center salient regions in the
initial frames.7 Fig. 5.9 (green) shows us that there is stronger consensus across participants for the
off-centered videos, and this too goes down as the video progresses.

Next, to ascertain whether our model displays similar temporal patterns of attention, we compute
attention scores as α ∈ RT×HW and sum over the spatial dimensions to obtain temporal attention, αT ∈
RT . As visualized in Fig. 5.10 left, our model preferentially attends to the initial frames of the video
sequence, without any architectural bias towards this. We further rule out two possibilities: (i) reversing
the frames (and preserving the same temporal position embeddings), we observe that the model still
gives more attention to early frames (now appearing at the end, Fig. 5.10 middle); (ii) computing optical
flow magnitude [79] per frame, averaged across all pixels, we find that motion is strongest around the
middle (Fig. 5.10 right) and cannot be the reason for increased attention to early frames.

Therefore, we conclude that our model, only trained to predict memorability scores, has learned to
attend to the visual information that most participants look at earlier on in the videos.

7We adopt DeepGaze [78] and compute saliency maps for T video frames. Next, we compute a distance between the
predicted saliency map and a center bias, modeled as a Gaussian, and sort the videos in decreasing distance. For this analysis,
we consider 25th percentile most off-centered videos for Memento10k and VideoMem separately.
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Figure 5.7 Visualisation of panoptic segmentation predictions on Memento10k dataset.
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Figure 5.8 Analysis of panoptic segmentation results. The vertical red line marks the top-20 labels
within these categories. First and Third: Raw, attention-, and gaze-weighted pixel probabilities for
stuff and things, respectively (plotted in semilog scale); Second and Fourth: Highlights how model
attention-weighted and human gaze-weighted pixel counts are higher or lower relative to normalized
raw pixel counts for stuff and things.
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Figure 5.9 Framewise split-half AUC-J and NSS scores for Memento10K (left) and VideoMem (right).
The x-axis shows sub-sampled frames at T=5 for Memento10K and T=7 for VideoMem. The blue
line (H-H) indicates the framewise alignment between gaze patterns, averaged over all 140 videos. The
green line captures framewise alignment averaged over 35/140 videos that have most off-center saliency
in the initial frames. The orange line represents H-H shuffled, mean alignment when gaze patterns are
compared across random videos.
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Figure 5.10 Left: Distribution of temporal attention across video frames in normal order, showing peak
at the early frames. Middle: Distribution of temporal attention across video frames in reversed order
as a control to rule out position bias. Right: Mean optical flow magnitude across frames to rule out
motion as a bias for the stronger temporal attention at the beginning. The x-axis indicates the number
of sub-sampled frames; T=5 for Memento10K (top) and T=7 for VideoMem (bottom).
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Chapter 6

Conclusion and Future Directions

6.1 Summary

This thesis examined two facets of human engagement with visual content—how it is described and
how it is remembered.

In the first part, we proposed a training-free method, CoherentAD, for generating coherent sequences
of Audio Descriptions (ADs) by formulating the task as a sequence-level search over multiple candidates
per interval. Our approach explicitly incorporates coherence criteria during selection, moving beyond
the common practice of generating each AD independently. We also highlighted the limitations of
existing metrics, which fail to capture repetition and other forms of incoherence across consecutive
ADs. To address this gap, we introduced novel sequence-level evaluation metrics—StoryRecall and
repetition scores—that better reflect the quality of AD sequences.

In the second part, we adopted a simple CNN+Transformer model that not only matches SoTA in
predicting video memorability scores, but also enables exploring the underlying spatio-temporal atten-
tion mechanisms. Furthermore, we collected human gaze data to compare against model attention and
observed that the model and humans look at similar regions. We also discovered novel semantic atten-
tion patterns relevant for video memorability. On the temporal dimension, the model exhibited strong
preference for early frames of the videos, mimicking temporal patterns in human attention. We also
analysed a widely used video memorability dataset, identifying several critical issues that researchers
must consider when constructing new datasets.

6.2 Limitations and Future Work

Audio Descriptions. Similar to most prior work, our method relies on reference-provided temporal
intervals and does not address the problem of AD localisation, i.e. predicting when an AD should be
placed. These intervals are assumed as input to the pipeline. A promising direction for future work
is to develop methods that jointly localise and generate ADs, potentially using audio cues to identify
dialogue-gaps automatically.

49



Our approach also does not incorporate neighbouring context during generation or selection. How-
ever, ADs are not required to match the exact interval boundaries and can refer to nearby events. Lever-
aging neighbouring context could help fill in gaps and improve coherence.

Finally, we select the best candidate per interval without any post-processing. Editing or merging
candidates could further enhance sequence-level fluency.

A useful direction for future work is to conduct user studies with BVI audiences to assess how well
our metric aligns with human preferences.

Video Memorability. The current datasets have 10k videos each. A model trained on them may not
generalize well to any video from the internet, especially in specific domains where the visual stimuli
are typically similar across all clips, e.g. identifying memorable parts from a lecture video. Additionally,
the model processes extracted frames rather than full videos, which may result in the loss of important
details for memorability and could affect comparison with human data, where viewers see the entire
video.
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