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Abstract

The analysis of large-scale video content remains a significant challenge in social science research
due to the high cost and complexity of manual annotation. This thesis investigates the use of
Multimodal Large Language Models (MLLMs) as a scalable solution for the analysis of video
data, with a specific focus on the study of sexualization in social media content.
A dataset of TikTok videos from Italy, the United States, and South Korea was constructed

and analyzed using a structured codebook derived from prior literature on sexual objectifica-
tion. A multimodal model was employed to generate both content coding annotations and
textual descriptions of video content, enabling a unified video-to-text analytical pipeline.
Results indicate that MLLMs can support large-scale analysis of video content, capturing

consistent patterns aligned with theoretical expectations. In particular, systematic differences
in sexualization were observed across gender, while cross-national variations were also iden-
tified. Complementary analyses of the generated textual descriptions provide additional evi-
dence that the extracted signal reflects meaningful characteristics of the underlying content.
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1
Introduction

1.1 Motivation

Social media platforms have fundamentally reshaped communication, establishing digital envi-
ronments characterized by large-scale and continuous user interaction. Within this landscape,
TikTok has emerged as one of themost influential platforms. Launched in 2016 by ByteDance,
TikTok enables users to create and share short-form video content. The platform has rapidly
expanded to an estimated 1.6 billion users globally as of 2025 [1]. Although initially known for
its popularity among adolescents, TikTokhas increasingly gained traction among young adults,
with approximately 75% of its users being under the age of 35 [2].

Psychology has shown growing interest in understanding the effects of social media con-
sumption on users. However, accurately characterizing these digital environments remains
challenging. Social media companies provide limited access to detailed user data, while plat-
form features, algorithms, and interaction mechanisms are continuously evolving. These fac-
tors complicate the systematic study of user behavior and exposure[3]. As a result, researchers
have often relied on self-report questionnaires and simple quantitative proxies, such as time
spent on a platform, to operationalize social media use[4].

However, these measures provide only indirect and often inaccurate representations of ac-
tual user behavior. A growing body of literature has shown that self-reported measures of dig-
ital media use are prone to substantial inaccuracies and systematic biases, including recall bias
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and subjective misestimation [4]. In particular, discrepancies between self-reported and objec-
tively logged data have been consistently observed, with self-reports onlymoderately correlated
with actual usage patterns [4].

These limitations suggest that self-reported measures capture users’ perceptions of their be-
havior rather than their true activity, thereby constraining the validity of research findings. Con-
sequently, recent work has emphasized the need for objective, data-driven approaches to the
study of social media behavior.

In this context, machine learning and data science techniques provide a powerful set of tools
for directly analyzing social media content at scale. These approaches enable the automated
analysis and classification of large volumes of visual and textual data, allowing researchers to
objectively characterize the content present on platforms such as TikTok.

1.2 Context

The work presented in this thesis originated from a collaboration with the Department of Psy-
chology, established through academic supervision. The project is based on a dataset of ap-
proximately 18,000 TikTok videos, collected through a structured methodology from content
creators across three countries: Italy, the United States, and South Korea. At the outset, the
project did not have a clearly defined computational task. While the broader research objective,
investigating aspects related to the sexualization of social media content, was established, the
specific analytical approach had yet to be determined. In particular, this work was tasked with
focusing on the video content itself, as opposed to metadata or user-level information.

1.2.1 Task Definition

The initial phase of the project therefore involved exploratory analysis aimed at identifying a
suitable task for processing the video dataset. Ultimately, the transformation of visual content
into textual representations was selected as the most appropriate approach.

This strategy offers several advantages. Textual data is generally more tractable than raw
visual data, enabling more efficient downstream processing and reducing computational com-
plexity. Additionally, textual representations provide a compact and semantically meaningful
description of video content, facilitating large-scale analysis of patterns related to sexualization.

2



1.2.2 Computational Approach: Leveraging Multimodal Large
LanguageModels

A video can be modeled as a sequence of images, where temporal progression introduces an
additional layer of meaning. Treating video frames as independent images risks discarding this
temporal context. Therefore, an approach capable of explicitly modeling the temporal struc-
ture of video data is required.
MultimodalLargeLanguageModels (MLLMs)provide a suitable framework for this project.

These models are capable of processing visual inputs, including images and videos, and gener-
ating textual outputs—either structured or unstructured—that encode objects, relationships,
and higher-level semantic concepts. Importantly, many MLLMs are designed to process tem-
poral sequences, enabling the capture of dynamics across frames, which is essential for under-
standing behaviors and interactions within video content [5].
Another key advantage of MLLMs is their strong performance in zero-shot and few-shot

settings. This allows the model to perform effectively without requiring large, manually anno-
tated datasets for task-specific fine-tuning, which would be impractical in this context.
To identify themost appropriate model for this project, the following selection criteria were

defined:

• High performance: The model should demonstrate strong empirical results validated
by the research community, ensuring reliability in processing video content.

• Open-weights availability: Themodelmust bedeployable locally to ensure reproducibil-
ity and to avoid reliance on proprietary or paid APIs.

• Configurability: The model should be available in multiple sizes, allowing adaptation
to different computational resource constraints.

Based on these criteria,Qwen-3 VLwas selected as the model of choice [6].

1.3 Objectives

Based on the preliminary considerations and the computational approach outlined above, the
following objectives were defined:

• Automated content analysis: The model is used to replicate a task traditionally per-
formed by human annotators, namely the assessment of sexualization in video content.
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The goal is to produce labels indicating the presence and degree of markers considered
in the literature as proxies for sexualized content, providing a scalable and consistent al-
ternative to labor-intensive human coding.

• Video-to-text conversion: Themodel generates textual descriptionsof eachvideo. This
step serves multiple purposes. First, as previously discussed, textual data is generally eas-
ier to manipulate and analyze than raw video data. Second, the dataset contains a wide
variety of popular videos from different creators, and its content is not limited to sexual-
ized material. Converting videos to text enables the extraction of semantic information
across the full dataset, which represents a key output of this work and may support fu-
ture analyses.

1.3.1 Analytical Framework and ResearchQuestions

Building upon the objectives outlined above, this work evaluates both the performance of the
proposed approach and its usefulness as a tool for large-scale content analysis.
The first aspect concerns the performance of the model on the content coding task. In par-

ticular, this study examines the extent to which the model can analyze video content and how
its performance compares to human annotation.
The second aspect focuses on the type of information that can be extracted from the dataset

using the proposed methodology. In this context, the following dimensions are explored:

• Gender differences: Prior research has examined the relationship between gender and
theproductionof sexualized content on socialmedia [7]. Thiswork investigateswhether
systematic differences in the prevalence and intensity of sexualized content emerge across
gender groups within the present dataset.

• Cross-national differences: Thedataset includes content fromthree countries, enabling
the exploration of potential differences in patterns of sexualization across national con-
texts.

1.4 Work Structure

This work is structured as follows. Chapter 2 provides the necessary theoretical background,
including the psychological constructs underlying the study, the model architecture, and the
evaluation metrics.
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Chapter 3 presents the methodology , including a detailed description of the dataset and the
computational procedures used in this work.
Chapter 4 describes the experiments conducted, including model configurations and any

fine-tuning strategies employed to improve performance.
Finally, Chapter 5 presents a statistical analysis of the results and discusses the findings in

relation to the research questions.
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2
Theoretical Background

2.1 SocialMedia, Body Image, and SexualObjectifica-
tion

2.1.1 Body Image

Body image refers to an individual’s perceptions, thoughts, and feelings about their physical
appearance [8]. It encompasses both perceptual components (how one perceives their body)
and attitudinal components (how one evaluates and feels about their body). Body image is
influenced by a complex interplay of sociocultural, psychological, and biological factors. Socio-
cultural influences include media representations, cultural norms, and peer interactions that
shape ideals of attractiveness and body standards [8]. Psychological factors, such as self-esteem,
personality traits, and mental health status, also play a significant role in shaping body image
[8].

2.1.2 Sexual Objectification

Sexual objectification can be defined as the treatment of a person primarily as a body or as a
collection of body parts, with emphasis placed on sexual appearance over attributes such as
competence, agency, or individuality [9].
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Sexual objectification can be understood as a sociocultural process reinforced through mul-
tiple sources:

• Interpersonal level: verbal and non-verbal evaluations of a person’s body, unsolicited
comments, and unwanted sexual advances.

• Cultural level: repeated exposure to objectified representations of bodies in traditional
and social media.

Together, these influences promote appearance-based evaluation and normalize the prioritiza-
tion of physical attractiveness, particularly for women [9].
This conceptualization is grounded in objectification theory [10], which connects cultural

practices of objectification to measurable psychological consequences. Objectification theory
posits that when individuals are repeatedly treated as objects valued primarily for their ap-
pearance, they may internalize this external perspective. Over time, self-objectification fosters
chronic body surveillance andheightened appearancemonitoring, diverting cognitive and emo-
tional resources toward evaluating one’s physical appearance [10].
Exposure to objectified representations has been associated with a range of negative out-

comes. At the individual level, increased self-objectification has been linked to poorer body
image, reduced psychological well-being, and impaired cognitive performance, as attentional
resources are diverted toward monitoring one’s appearance.
From an interpersonal perspective, objectification also influences how individuals are per-

ceived and treated: objectified individuals are more likely to be judged as less competent and
less fully human, which may contribute to discriminatory attitudes and reinforce broader gen-
der inequalities. Importantly, contemporary social media environments may amplify these ef-
fects. Platforms that prioritize visual content and provide immediate appearance-based feed-
back, such as likes and comments, can intensify appearancemonitoring andnormalize constant
self-presentation, thereby reinforcing the dynamics described by objectification theory [9].

2.1.3 TikTok’sAlgorithmandNegativePsychologicalOutcomes

In recent years, social media platforms have become a central component of users’ social and
psychological environments. Theirwidespread adoption has led to increasing interest in under-
standing their impact on mental health and well-being across different populations. Among
these platforms, TikTok has experienced particularly rapid growth and is now one of the most
widely used applications globally. Its design is based on short-form, algorithmically curated
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video content, exposing users to a continuous stream of highly engaging and personalized ma-
terial. This structure increases both the intensity and frequency of exposure to socially evalu-
ative and appearance-focused content, making the platform particularly relevant for studying
processes related to body image and psychological well-being [11].

A growing body of literature has begun to examine the relationship between TikTok use
and mental health. A recent systematic review by Conte et al. [11] synthesized findings from
multiple empirical studies across different countries and populations, identifying consistent as-
sociations between TikTok use and several psychological outcomes. These include changes in
body image, self-esteem, anxiety, and depressive symptoms [12]. While these findings point to
a meaningful association between TikTok use and psychological outcomes, most available evi-
dence is based on cross-sectional designs. As a result, causal interpretations remain limited, and
the relationship between usage patterns and psychological distress is likely complex and bidi-
rectional. Nevertheless, the consistency of these findings suggests that certain features of the
platformmay contribute to the emergence or reinforcement of psychological vulnerabilities.

A central aspect highlighted by recent research concerns the role of TikTok’s recommenda-
tion system in shaping user experience. Unlike traditional platforms where algorithms primar-
ily facilitate interactions within a user’s existing social network, TikTok’s algorithm determines
content exposure based on inferred individual interests. By generating a highly personalized
For You feed that adapts in real time to user interactions, the platform shifts the focus from
social connections to content-driven engagement.

As a result, content consumption is strongly influenced by prior interactions, increasing the
likelihood that users are repeatedly exposed to similar themes. This feedback loop may rein-
force specific appearance-related standards and patterns of engagement. From a psychological
perspective, repeated and personalized exposure to visually salient content may intensify atten-
tion toward socially valued physical attributes. This mechanism aligns with objectification the-
ory [10], suggesting that algorithmically curated environments that prioritize high-engagement
visual contentmay foster conditions conducive to self-objectification,wherein individuals learn
to view themselves from an external observer’s perspective.
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2.2 Multimodal Large LanguageModels

2.2.1 DefiningMLLMs

Vision–Language Models (VLMs) are machine learning models designed to learn joint rep-
resentations of visual and textual data. By aligning information across these two modalities,
VLMs enable tasks such as image captioning, visual question answering, cross-modal retrieval,
and multimodal reasoning. These models learn a shared embedding space in which both im-
ages and text can be represented in a compatible form, allowing semantic relationships between
visual and linguistic inputs to be captured.[5] MLLMs are a subclass of VLMs. In this archi-
tecture, an LLM serves as the core computational component and is extended with modality-
specific encoders and projection layers. in the case of images, The visual encoder transforms an
image into a sequence of feature vectors, which are then projected into the embedding space
of the language model. These projected visual tokens are processed together with textual to-
kens within the languagemodel’s transformer architecture, enabling themodel to generate text
conditioned directly on visual inputs. [5]

2.2.2 Evolution of Vision–LanguageModels

Vision–languagemodels have evolved significantly over the past decade, progressing from task-
specificmultimodal architectures to large-scalemultimodal languagemodels capable of flexible
reasoning andgeneration. Earlymultimodal research focusedon combining separate vision and
language encoders using task-specific fusionmechanisms. Models such as ViLBERT employed
transformer-based architectures with cross-modal attention layers to integrate visual and tex-
tual features.[13] While these approaches demonstrated strong performance on benchmark
tasks such as visual question answering and image–text retrieval, theywere typically trained in a
supervised setting and showed limited generalization beyond the specific tasks and datasets on
which theywere trained. Amajor breakthrough in the fieldwas the introductionofContrastive
Language–Image Pre-training (CLIP)[14]. CLIP reframed vision–language learning as a large-
scale contrastive alignment problem, training separate image and text encoders on hundreds of
millions of image–text pairs collected from the web. The model learned to project images and
text into a shared embedding space, enabling similarity-based reasoning acrossmodalities. This
approach allowed CLIP to perform zero-shot classification, meaning it could recognize visual
concepts without explicit task-specific training, significantly improving generalization and es-
tablishing a new paradigm for multimodal learning. Following CLIP, research shifted toward
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Figure 2.1: The figure illustrate the information flow of a standardmultimodal llm, highlighting its three key components.

integrating pretrained language models with visual encoders to enable generative and reason-
ing capabilities. DeepMind’s Flamingo [15] was among the first multimodal large language
models to combine visual and textual inputs within an autoregressive transformer architecture.
Flamingo introduced cross-attentionmechanisms that allowed the languagemodel to attend to
visual features during text generation, enabling few-shot multimodal prompting and expand-
ing the range of tasks these systems could perform. Subsequent work further improved the
efficiency and scalability of multimodal language models. BLIP-2 [16] demonstrated that effec-
tive vision–language integration could be achieved by keeping both the vision encoder and lan-
guage model frozen while learning a lightweight query transformer to connect the two modal-
ities. This approach significantly reduced the number of trainable parameters while maintain-
ing strong performance across a variety of multimodal tasks. In 2023, instruction-tuned multi-
modal models such as LLaVA [17] further advanced the capabilities of these systems. LLaVA
combines visual features extracted from pretrained vision encoders with large language mod-
els and trains them on multimodal instruction–response pairs. This instruction-tuning pro-
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cess enables the model to interpret visual inputs in context, follow multimodal instructions,
and generate coherent natural language responses grounded in visual information. Instruction
tuning marked an important shift toward more general-purpose multimodal assistants capa-
ble of interactive and conversational behavior. More recently, large-scale multimodal language
models such as GPT-4V [18] and Qwen-VL have demonstrated substantial improvements in
multimodal reasoning, image understanding, and instruction-following capabilities.

2.2.3 An Introduction to theQwenModel Family

The Qwen model family is a collection of LLMs and MLLMs developed by Alibaba Cloud.
These models are part of an ongoing effort to advance AI research and its applications, with
multiple versions released publicly through platforms such as Hugging Face. TheQwen devel-
opment team continuously releases newmodels spanning a wide range of sizes and capabilities,
including language, multimodal, speech, and image processing models, thereby making them
widely accessible for research and development purposes [19].
The increasing availability and adoption ofQwenmodels can be observed through commu-

nity usage trends. Figure 2.2 illustrates the evolution in the number of model downloads on
the Hugging Face platform for several major open model families over time, including Qwen.

Figure 2.2: Popularity trends of theQwenmodel family over time.

2.2.4 Qwen3-VL

Released in September 2025, Qwen3-VL (hereafter referred to as Q3VL) is the most recent it-
eration of Qwen’s vision–language model family. The model has been released in four dense
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variants, with 2B, 4B, 8B, and 32B parameters, as well as two Mixture-of-Experts (MoE) vari-
ants: Q3VL-30B-A3B and Q3VL-235B-A22B. In the MoE naming convention, the first num-
ber indicates the total number of parameters (in billions), while the second number specifies
the number of parameters that are activated during inference.[6]

The following subsections provide an overview of themodel, describing its architecture, the
key innovations proposed by the authors, as well as details regarding the dataset, training pro-
cedure, and performance.

Architecture

Q3VL follows a three-module architecture [6] composed of: (i) a vision encoder that supports
dynamic, native-resolution inputs; (ii) a lightweight multi-layer perceptron (MLP)mbased vi-
sion language merger that compresses visual features into tokens aligned with the hidden di-
mension of the language model; and (iii) a Qwen3 LLM backbone with a varying number of
parameters depending on the model variant.

Figure 2.3: Architecture of theQ3VLmodel.
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Key architecture changes

1. Interleaved Multimodal Rotary Positional Embedding (mRoPE) RoPE en-
codes positional information by applying a rotation to pairs of embedding dimensions in the
query and key vectors.[20] For a token at position p and embedding pair (x2i, x2i+1), the rota-
tion is defined as: (

x′
2i

x′
2i+1

)
=

(
cos(θip) − sin(θip)

sin(θip) cos(θip)

)(
x2i

x2i+1

)
, (2.1)

where the frequency θi is defined as:

θi =
θ0

10000
2i
d

, (2.2)

and d denotes the embedding dimension. This formulation naturally encodes relative posi-
tional information, since attention scores depend on relative position differences.

mRoPE extends this concept to multidimensional inputs such as videos, with temporal and
spatial axes corresponding to time (t), height (h), and width (w).[21] In the original formula-
tion, embedding dimensions are partitioned into contiguous blocks:

[x0, . . . , xd−1] = [t0, . . . , tdt−1 | h0, . . . , hdh−1 | w0, . . . , wdw−1], (2.3)

where each axis is assigned its own frequency range.

This block-wise allocation introduces spectral bias, as individual axesmay only access limited
frequency bands, restricting their ability to represent both fine and coarse positional relation-
ships.

Interleaved mRoPE addresses this limitation by interleaving embedding dimensions across
axes:

[x0, . . . , xd−1] = [t0, h0, w0, t1, h1, w1, . . . ], (2.4)

ensuring that each axis has access to the full set of rotation frequencies {θi}. This improves
spatial and temporal representation and enhances performance on long-range video reasoning
tasks.[21]
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2. DeepStackVisual Feature Injection DeepStack is a hierarchical feature integration
method that injects visual features intomultiple layers of the languagemodel. Traditional archi-
tectures typically inject visual information into a single intermediate layer, limiting the model’s
ability to propagate hierarchical visual representations.[22]
LetV (lv) denote visual features from the lv-th layer of the vision encoder, and letL(ll) denote

the hidden state of the ll-th layer of the languagemodel. DeepStack projects visual features into
the language model using a learned projection matrixWlv→ll :

Ṽ (ll) = Wlv→llV
(lv), (2.5)

L(ll) ← L(ll) + Ṽ (ll). (2.6)

This process is repeated across multiple layer pairs, for example:

V (3) → L(1), V (6) → L(3), V (9) → L(5). (2.7)

This hierarchical integration enables the language model to access both low-level and high-
level visual features, improving multimodal reasoning.

3.TextualTime Encoding To improve temporal modeling in video inputs, Q3VL adopts
a textual token–based time encoding strategy. Instead of assigning large numerical temporal
position IDs, each temporal patch is prefixed with a textual timestamp token, for example:

<3.0 seconds> (2.8)

During training, timestamps are expressed inmultiple formats, including seconds andhours:minutes:seconds
(HMS). This allows themodel to learn temporal relationships through standard languagemod-
eling mechanisms.
Although this approach slightly increases sequence length, it improves performance on tem-

porally grounded tasks such as video grounding and dense captioning.

2.2.5 Training procedure

The training of Q3VL is divided between a pre-training phase and a post training phase, the
former is organized into four distinct stages,while the latter consists of three methods.[6]
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Pre-trainig phase

Table 2.1: Summary of objectives, token budgets, and sequence lengths for each step of the pre-training phase (S0–S3).

Stage Objective Training Token Budget Sequence Length

S0 Vision-Language Alignment 67B 8,192
S1 Multimodal Pre-Training ∼1T 8,192
S2 Long-Context Pre-Training ∼1T 32,768
S3 Ultra-Long-Context Adaptation 100B 262,144

Vision-Language Alignment The initial stage (S0) focuses on bridging the modality
gap between the vision encoder and the LLM. During this phase, only the parameters of the
MLP-based merger are trained, while both the vision encoder and the LLM backbone remain
frozen. The model is trained on a curated dataset of approximately 67 billion tokens, which
includes high-quality image-caption pairs, visual knowledge collections, and optical character
recognition (OCR) data. The sequence length is set to 8,192.

Multimodal Pre-Training Stage 1 (S1) involves full-parametermultimodal pre-training,
where the vision encoder, merger, and LLMare all trainable. Themodel is trained on amassive
and diverse dataset of approximately 1 trillion tokens, consisting of both vision-language (VL)
and text-only data. The VL portion includes interleaved image-text documents, visual ground-
ing tasks, visual question answering (VQA),and a small amount of video data for temporal
understanding. The sequence length remains 8,192 tokens.

Long-Context Pre-Training Stage 2 (S2) is designed to extend the model’s contextual
processing capabilities. The sequence length is increased to 32,768 tokens, while all model pa-
rameters remain trainable. Training is conducted on a dataset of approximately 1 trillion tokens,
with a different data mixture favoring long-form text comprehension. The remaining VL data
includes a larger volume of video and instruction-following data, supportingmulti-step reason-
ing over extended contexts.

Ultra-Long-Context Adaptation The final stage (S3) aims to maximize the model’s
context window. The sequence length is increased to 262,144 tokens, and the training dataset
is focused and reduced to approximately 100 billion tokens. The data consists of both text-only
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and vision-language content, with an emphasis on long-video and long-document understand-
ing tasks.

Post-Training Phase andModel Split

The model also undergoes a post-training procedure, which involves techniques such as su-
pervised fine-tuning, strong-to-weak distillation [23], and reinforcement learning [24]. An in-
depth discussion of this procedure [6] and the underlying methods is beyond the scope of this
work. It is, however, worth noting that during this phase, both the training procedure and
the dataset used are split to create two distinct variants of the model: an Instruct variant and a
Thinking variant.

• Instruct Variant: Optimized for direct instruction following, this variant is trained to
produce concise, well-formatted, and user-aligned responses, without explicitly reveal-
ing intermediate reasoning steps.

• Thinking Variant: Optimized for Chain-of-Thought (CoT) reasoning , this variant per-
forms explicit step-by-step thinking by decomposing problems into intermediate reason-
ing steps before generating the final answer. It is particularly suited for multi-step ana-
lytical tasks, such as mathematical reasoning and logical inference.

2.2.6 Model Performance

The Alibaba Cloud team evaluated various versions of the Q3VL series across a wide range of
benchmarks spanning general visual reasoning, multimodal tasks, and video understanding.
Since the task performed in this work concerns video understanding, I focus on two widely
used and community-recognized benchmarks in this domain: Multi-Modal Video Benchmark
(MVBench) andMulti-Modal Evaluation for Video Analysis (Video-MME) [25, 26].

• MVBench. MVBench is designed to assess the temporal understanding capabilities of
multimodal large languagemodels by transforming static visual tasks into dynamic video
question-answering challenges across 20 distinct temporal reasoning categories, includ-
ing action prediction, object interaction, and episodic reasoning. Models are evaluated
using accuracy over multiple-choice question-answer pairs that require reasoning over
entire video sequences rather than single frames.
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• Video-MME. Video-MME is a comprehensive benchmark for evaluating video under-
standing across diverse visual domains and temporal durations, ranging from short clips
to videos up to one hour in length. It contains 900manually annotated videos and 2,700
question-answer pairs and measures model accuracy in answering questions based on
video content. Performance is reported in two settings: with subtitles, where the text
transcript is provided alongside visual input, and without subtitles, where evaluation re-
lies solely on visual information. In this work, results reported are from the latter setting.

Table 2.2 shows that the Q3VL models achieve competitive performance across both bench-
marks, with clear improvements as model size increases. While GPT-5 High achieves the high-
est reported scores, theQ3VLmodels remain competitive, particularly in larger configurations,
suggesting that the proposed architecture provides a strong baseline for video understanding
tasks, even when compared to state-of-the-art models.

Table 2.2: Performance comparison onMVBench and Video-MME benchmarks. All values are reported as accuracy (%).

Model MVBench (%) Video-MME (%)

Q3VL-2B (Thinking) 64.5 62.1
Q3VL-2B (Instruct) 61.7 61.9

Q3VL-4B (Thinking) 69.3 68.9
Q3VL-4B (Instruct) 68.9 69.3

Q3VL-8B (Thinking) 69.0 71.8
Q3VL-8B (Instruct) 68.7 71.4

Q3VL-32B (Thinking) 73.2 77.3
Q3VL-32B (Instruct) 72.8 76.6

Q3VL-235B-A22 (Thinking) 75.2 79.0
Q3VL-235B-A22 (Instruct) 76.5 79.2

Q3VL-30B-A3 (Thinking) 72.0 73.3
Q3VL-30B-A3 (Instruct) 72.3 74.5

GPT-5 High 75.3 84.7
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2.3 ComputationalApproachestoVideoDescription
and Annotation

This section discusses the two core tasks addressed in this thesis: generating textual descriptions
of video content and producing structured annotations. In addition to describing these tasks,
the section outlines the computational methods used to perform them.
Beforediscussing thesemethods indetail, it is important tonote that interactionwithmodels

such as Q3VL largely occurs through prompts. The design and structuring of these prompts,
commonly referred to as prompt engineering, plays a crucial role in shaping the outputs pro-
duced by the model, and is therefore central to both tasks considered in this work.

PromptEngineering Prompt engineering refers to the design of carefully structured, task-
specific queries, known as prompts, to guide a model toward producing the desired output
without modifying the model’s underlying parameters [27]. By specifying instructions, con-
straints, and contextual information within the prompt, it is possible to influence both the
structure and the content of the model’s responses.
Furthermore, somemodels, includingQ3VL, employ a dual-prompt structure consisting of

a system prompt and a user prompt. The system prompt provides high-level instructions, con-
text, and constraints that define the model’s role, behavior, and response style throughout the
interaction, thereby establishing the operational framework within which the model operates.
The user prompt, in contrast, contains the specific task, query, or input provided by the end
user, which the model addresses within the context defined by the system prompt.

2.3.1 Generating Textual Descriptions from Video

The latest generation ofMLLMs is designedwith video processing inmind, as reflected in their
architectural choices and training procedures. The next step is to determine how to prompt the
model to process video data and what structure the textual output should follow.
One option is dense video captioning. In this setting, the video is segmented into tempo-

rally localized scenes, and each segment is paired with a short textual description. The output
is typically a sequence of tuples of the form (tstart, tend, caption), where each caption describes
the visual content occurring within a specific temporal window. This format emphasizes fine-
grained coverage and temporal alignment between text and video content [28], and is particu-
larly suitable for long or untrimmed videos containing multiple distinct events.
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An alternative is narrative or global-description generation. Rather than producing tempo-
rally segmented captions, the model generates a unified textual summary that describes the
video as a whole. The output typically takes the form of a coherent paragraph that captures
the main events and overall meaning of the video without explicit temporal boundaries. This
work adopts the latter approach. In this work, this is the chosen approach.

The VideoA11y Framework

Figure 2.4: Overview of the VideoA11y pipeline. First, keyframes are extracted from the input video. Then, the keyframes,

the prompt, AD guidelines, and optional human annotations are provided to theMLLM, which generates accessible video

descriptions. Reproduced from Li et al. [29].

In their work, Li et al. [29] propose an automated pipeline for generating video descriptions
aimed at improving accessibility for blind and low-vision (BLV) users. Drawing inspiration
from the field of professional audio description, the authors construct a prompt by collecting
140 audio-description guidelines and best-practice recommendations frommanuals and other
authoritative sources. This collection is then curated and refined into a final set of 40 guidelines,
which are provided to the MLLM as input alongside the video.
To demonstrate the effectiveness of theirmethod, the authors evaluate the generated descrip-

tions using both standard automatic metrics and custom, accessibility-focused measures, and
they conduct extensive human-subject evaluations. Their evaluation involves 347 sighted par-
ticipants, 40 BLV participants, and seven professional describers. Results from both sighted
and BLV evaluations, as well as expert review, indicate that VideoA11y descriptions outperform
novice human annotations and are comparable to trained human descriptions across dimen-
sions such as clarity, accuracy, objectivity, descriptiveness, and user satisfaction.
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The paper also reports experiments using a state-of-the-artMLLM (GPT-4V in their study)
as the base model, showing that fine-tuning or prompting with the curated accessibility guide-
lines produces higher-quality descriptions than (i) unrefined novice annotations and (ii) out-
of-the-box captions from dedicated vision models. The authors make the code and dataset
publicly available to support reproducibility and further research on automated, high-quality
accessible descriptions.

Figure 2.5: Results of Study 1with 150 sightedMTurk users. VideoA11y (GPT) outperforms all other methods across all

evaluationmetrics (p < 0.05), followed by VideoA11y (GPT) without HA. HA denotes human annotation. Reproduced

from Li et al. [29].

2.3.2 Qualitative Content Analysis

An overview of the qualitative coding process

Qualitative coding is a methodological procedure used in psychology to systematically orga-
nize and interpret media of any kind: images, audio, text or video [30, 31]. The purpose of
qualitative coding is to label content so that specific aspects of interest can be identified and
analyzed.
A typical qualitative coding workflow proceeds as follows. First, one or more experts (for

example, psychologists) draw on existing literature and theory to operationalize the construct
of interest. Operationalizationmeans identifying one ormore observable features of themedia
that are theoretically or empirically linked to the underlying, non-observable behaviour to be
measured. Based on this work the experts develop a codebook: a document in which each
category is defined and labeling instructions are specified. The codebook is an iterative product
and typically undergoes several rounds of refinement and discussion.
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Next, the experts create a gold standard by labeling a sample ofmedia content. Experts often
label independently at first and then meet to reconcile differences and reach consensus; this
joint review both refines the codebook and produces the reference annotations used for later
evaluation. Establishing a gold standard is crucial because it defines the expected labels and
allows measurement of how reliably other coders reproduce those labels.
Intercoder reliability is the most commonly used metric for this purpose; the most com-

monmetric used is Cohen’s kappa (κ) [32] to quantify agreement between coders and between
coders and the gold standard. A dedicated paragraph below describes the selected reliability
metric and reporting conventions.
After the gold standard is established, annotators are recruited and trained. Training sessions

introduce annotators to the codebook and provide practice on example items. Annotators are
assessed on the test set developed by the experts; their agreement with the gold standard and
internal consistency are used to determine whether they are ready to annotate the full dataset.
Only after reaching acceptable levels of reliability do annotators proceed to label new media
items.
This human coding process is labor intensive: it requires multiple people, extended training

and discussion, and limits throughput because a single person can only review a finite amount
of content.

Intercoder Reliability and Cohen’s Kappa

When multiple human annotators assign labels to the same content, it is necessary to quantify
the degree to which their decisions agree. This concept is referred to as intercoder reliability.
High intercoder reliability indicates that the coding scheme is sufficiently clear and operational-
ized such that different individuals interpret and apply it consistently. Low reliability, by con-
trast, may suggest ambiguity in the codebook, insufficient training, or inherent subjectivity in
the construct being measured.
A naïve measure of agreement is the percentage of times coders assign the same label. How-

ever, simple percentage agreement does not account for agreement that may occur purely by
chance. To address this limitation, Cohen’s kappa (κ) is commonly used. Cohen’s kappa mea-
sures agreement between two coders while correcting for chance agreement.[32]
Formally, Cohen’s kappa is defined as:

κ =
Po − Pe

1− Pe

(2.9)
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where Po is the observed proportion of agreement between coders and Pe is the expected
proportion of agreement under chance, computed from the marginal label distributions of
each coder.
Cohen’s kappa ranges from−1 to 1:

• κ = 1 indicates perfect agreement,

• κ = 0 indicates agreement equivalent to chance,

• κ < 0 indicates systematic disagreement.

Quadratically weighted Cohen’s kappa

In many coding scenarios, categories are nominal (i.e., unordered), and all disagreements are
treated equally. However, when coding categories are ordinal disagreementsmay differ in sever-
ity. For example, confusing adjacent categories is typically less severe than confusing categories
at opposite ends of the scale. In such cases, quadratically weighted Cohen’s kappa (QWK) (κw)
is more appropriate.
Weighted kappa extends the standard formulation by introducing a weight matrix wij that

penalizes disagreements according to their distance. The general form is:

κw = 1−
∑

i,j wijOij∑
i,j wijEij

(2.10)

whereOij andEij denote the observed and expected proportions of items assigned to cate-
gories i and j, respectively. Under quadratic weighting, disagreement weights are defined as:

wij =
(i− j)2

(k − 1)2
(2.11)

where k is the number of categories. This formulation penalizes larger disagreements more
heavily than smaller ones, reflecting the ordered structure of the categories.
Like standard kappa, weighted kappa ranges from−1 to 1 and is typically interpreted using

descriptive guidelines such as those proposed by Landis and Koch[33]:
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κ < 0.00 Poor agreement
0.00–0.20 Slight agreement
0.21–0.40 Fair agreement
0.41–0.60 Moderate agreement
0.61–0.80 Substantial agreement
0.81–1.00 Almost perfect agreement
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3
Methods

3.1 Dataset

The dataset used in this work was constructed by systematically selecting highly active TikTok
influencer profiles and collecting their most engaging posts and associated comments over a
one-year period. The procedure involved profile discovery, filtering based on engagement and
activity criteria, and automated retrieval of publicly available content and metadata.

3.1.1 Profile Selection

For each target nationality—Italy (IT),United States (US), andSouthKorea (KR)—TikTok in-
fluencer profileswere identified using theModash influencermarketing analytics platform[34],
which provides tools for influencer discovery as well as performance metrics such as follower
counts and engagement rates.
Initially, profiles with at least 500,000 followers were considered, focusing on macro influ-

encers (500K–1M followers) andmega influencers (>1M followers). To ensure that only active
and engaging accountswere included, profileswere required to have an engagement rate greater
than 10%, defined as the ratio between average likes and follower count. This initial filtering
identified 463 eligible profiles for Italy, 10,105 for the United States, and 497 for South Korea.
Profiles were ranked according to their number of followers, and only the top 500 profiles

per country were retained. Since fewer than 500 eligible profiles were available for Italy and
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South Korea, all 463 Italian profiles and all 497 Korean profiles were included, along with the
top 500 US profiles.
Commercial and corporate accountswere excluded to focuson individual influencers. Specif-

ically, 8 Italian profiles (primarily sports teams and entertainment brands), 18 US profiles (in-
cluding media franchises and corporate brands), and 16 Korean profiles (primarily music in-
dustry accounts) were removed. Additionally, profiles for which it was not possible to retrieve
posts were excluded, resulting in the removal of 6 Italian, 11 US, and 18 Korean profiles.
To ensure sufficient temporal coverage and consistent activity, only profiles with frequent

posting behavior during the previous year were retained. The minimum posting frequency
thresholds were defined as follows:

• at least one post per week for Italy,

• at least two posts per week for the United States,

• at least one post every two weeks for South Korea.

This filtering resulted in the final selection of 200 Italian profiles, 212 US profiles, and 210
Korean profiles.

3.1.2 Post and Comment Selection

Posts and associated comments were collected using the EnsembleData platform [35], which
provides programmatic access to public TikTok content and metadata.
For each selectedprofile, the 200most recent postswere initially collected. Sincehighly active

profiles typically publish approximately one post per day, this corresponds to a coverage of
approximately six months.
From this initial set, only posts published within the time interval from September 15, 2024,

to September 15, 2025, were retained. Furthermore, posts were required to have at least 50 com-
ments or replies to ensure sufficient audience interaction.
Among the remaining posts, the 30 most trending posts per profile were selected based on

thenumber of views (plays), a commonlyusedproxy for content popularity and audience reach.
Posts for which it was not possible to retrieve comments were discarded, resulting in the re-
moval of 28 Italian posts, 58 US posts, and 39 Korean posts.
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3.1.3 Final Dataset Composition

The final dataset consists of 5,972 posts from Italian profiles, 6,302 posts fromUS profiles, and
5,991 posts from Korean profiles.
Upon inspection, 376 posts were found not to contain a video. These entries correspond to

text-only posts, image slideshows, or videos that were deleted or made private after the initial
data collection. Such entries were excluded from analyses requiring video content, resulting in
a final dataset of 17,889 posts with associated videos. For each post, the following information
was collected:

• technical metadata (e.g., post identifier and author identifier),

• video caption and associated textual content,

• engagement metrics (e.g., number of views, likes, and comments),

• up to 120 of the most relevant comments per post, depending on availability,

• country of residence of the content creator.

Gender Labels

Creator gender was manually annotated by psychologists from the Department of Psychology.
Labels were assigned asman, woman, or other. The other category includes cases where gender
could not be reliably assigned, such as accounts representingmultiple individuals, non-human
subjects (e.g., pets), or non-binary identities.The resulting distribution is reported in Table 3.1.

Table 3.1: Distribution of creator gender across countries.

Country Man Woman Other

Italy (IT) 107 82 11
South Korea (KR) 94 90 16
United States (US) 100 89 23
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3.1.4 VideoMetadata Extraction

After collecting the dataset, additional metadata for each video was extracted using ffmpeg.
This metadata includes video duration, resolution, and frame rate.

Video Duration

The majority of videos in the dataset are relatively short, which is consistent with the typical
format of TikTok content. Notably, videos fromKorean profiles tend to be shorter on average
compared to those from Italian and US profiles.

Figure 3.1: Cumulative distribution function (CDF) of video durations in the dataset.

Table 3.2: Summary statistics of video duration (in seconds) per country. Korean videos are shorter on average compared to
Italian and US videos.

Country Count Mean Std Min 25% 50% 75% Max

IT 5,812 49.9 63.6 5.0 13.7 27.3 63.7 703.3
KR 5,843 28.3 33.9 3.6 13.1 17.7 29.8 600.0
US 6,234 52.0 60.7 5.0 13.8 33.5 66.7 647.5

Resolution

All videos in the dataset follow the standard TikTok vertical format with a 9:16 aspect ratio. Al-
though 170 distinct resolutions are present, the distribution is highly concentrated. Themajor-
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ity of videos are encoded at either 1024×576 (12,159 videos) or 1280×720 (4,907 videos), while
all remaining resolutions occur only sporadically and likely reflect minor variations introduced
by platform encoding.

Frame Rate

The vast majority of videos in the dataset are recorded at 30 FPS (16,972 videos), which cor-
responds to the standard frame rate for most consumer and mobile video content. A smaller
subset of videos is recorded at 24 FPS (626 videos), reflecting common cinematic or broadcast
standards. A small number of videos exhibit other frame rates, ranging from 10 FPS to 60 FPS;
however, these cases are rare and likely correspond to non-standard uploads or post-processing
variations.

3.2 Content CodingMethodology

This subsection outlines themethodological steps required to perform the content coding task.
The objective of this phase was to define a structured annotation framework capable of captur-
ing different visual indicators of sexualization in video content.

3.2.1 CodebookDevelopment

As discussed in Section 2.3.2, the first step in any content analysis procedure is the construction
of a codebook that defines the variables to be annotated and the criteria used for evaluation.
For this project, the codebook was developed by two psychologists with expertise inmedia and
behavioral analysis.
The design of the codebook was informed by established measures commonly used in the

literature on sexualization and media representation [36]. In particular, the original frame-
work was developed for coding sexualization in static images. When adapting this framework
to video content, the psychologists explicitly considered the differences between still imagery
and dynamic visual media. The definitions and scoring guidelines were therefore adjusted to
ensure that the coding scheme remained interpretable and consistent when applied to video
data.
The resulting codebook includes multiple categories capturing different aspects of sexual-

ized visual representation, such as clothing coverage, body posture, physical contact, and em-
phasis on specific body regions. Each category is associated with an ordinal scale representing
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increasing levels of visibility, emphasis, or suggestiveness. Table 3.3 provides an overview of the
coding categories and their corresponding scales.

Category Scale Description
Clothing Nudity 0–5 Degree of clothing coverage, ranging from fully clothed

to complete nudity, including intermediate levels where
garments reveal or emphasize body regions.

Touch 0–3 Presence and type of physical contact involving the in-
dividual, from no touch to deliberate contact involving
anatomically intimate regions.

Pose 0–3 Body posture or positioning, ranging from neutral every-
day posture to poses intentionally emphasizing or expos-
ing intimate body regions.

Mouth Expression 0–2 Degree of suggestiveness in oral expression, from a neu-
tral mouth position tomore explicit emphasis (e.g., open
mouth or tongue display).

Makeup Presence 0–2 Visibility and intensity of cosmetic application, ranging
from none to strongly visible makeup.

Upper Torso Focus 0–2 Visual emphasis placed on the upper torso region.
Genital Region Emphasis 0–2 Degree towhich the genital region is visually emphasized.
Gluteal Region Emphasis 0–2 Degree towhich the gluteal region is visually emphasized.
Body Size 0–2 Apparent body mass of the individual, ranging from low

to high body mass.
Musculature 0–2 Visible level of muscle definition.

Table 3.3: Summary of the labeling schema, detailing the visual dimensions evaluated and their associated ordinal scales.

3.2.2 Creation of the Video Sample Dataset

To reliably evaluate the quality of the annotations produced by the MLLM, it was necessary
to establish a gold-standard annotation set. To this end, a subset of 50 videos was randomly
sampled from the full dataset and manually annotated by two psychologists affiliated with the
Department of Psychology at the University of Padova.
The annotation process followed a two-stage procedure commonly used in content analysis

studies. First, the psychologists independently annotated each video according to the coding
scheme defined in the codebook. Subsequently, the annotators compared their annotations
and discussed any disagreements in order to reach a consensus.
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The final consensus annotations constitute the gold-standard dataset used to evaluate the
model’s performance. In cases where multiple levels of a given feature were present within a
video, the annotation was defined as the maximum value observed across the video.

3.2.3 Variable Selection and Rationale

Although the codebook includesmultiple categories, this study focuses on three variables: Cloth-
ing Nudity, Pose, and Touch. This design choice was motivated by several considerations.
First, these variables capture a substantial portion of the visual information relevant to sex-

ualization in media content. Second, preliminary experiments conducted across all available
categories revealed that model performance varied considerably depending on the variable be-
ing predicted. Some categories proved difficult for themodel to identify reliably. Inmany cases,
this difficulty likely stems from the inherent ambiguity of the category definitions. For exam-
ple, variables such as genital focus or mouth expression, while commonly used in the literature,
can be challenging to operationalize consistently. Even for human annotators, assigning a label
in these cases may require subjective interpretation.
By contrast, the selected variables typically present clearer visual distinctions between cate-

gories. The boundaries between scale levels are more explicit, making them more suitable for
automated inference.
Finally, prior work has shown that applying qualitative coding frameworks withMLLMs of-

ten requires iterative codebook refinement to achieve reliable results [37]. Focusing on a smaller
set of well-defined variables alsomakes the experimental setupmoremanageable while still cap-
turing the primary aspects of sexualized representation in video content.

3.2.4 Establishing a Baseline: Measurement of Agreement

As discussed in Section 2.3.2, QWK is the preferred metric for evaluating agreement between
the annotations produced by the model and a reference standard. In this study, QWK is com-
puted between the annotations generated by Q3VL and the gold-standard annotations in the
Video Sample Dataset.
To contextualize the model’s performance, it is important to define a benchmark. For this

purpose, we refer to the results reported byHatton et al. [36], where similar coding scales were
applied to measure sexualization in magazine covers. The authors report the following inter-
coder reliability scores:

• Pose: κ = 0.831, p < .001
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• Touch: κ = 0.726, p < .001

• Clothing/Nudity: κ = 0.891, p < .001

These values provide a reference for human performance on a comparable task and serve as
a benchmark against which the model’s performance can be evaluated.

ComparableStudies A relevant comparison canbedrawn from theworkofLiu et al. [38],
who explored the use of MLLMs for coding keyframes extracted from short videos related to
depression. Their findings highlight an important distinction:

1. Models achieve high agreement (QWK ≈ 0.9 or higher) when coding objective and
clearly defined features, such as the presence of food or beverages or whether an individ-
ual is crying.

2. Performance decreases substantially when the task requires interpretation or subjective
judgment, such as assessing the emotional valence of a scene (QWK≈ 0.3).

These findings support the decision to focus on variables that are visually explicit and less reliant
on subjective interpretation.

3.3 Technical Implementation

This section describes the technical infrastructure and implementation details underlying the
proposed approach. It focuses on the practical components required to process the data and
run themodel, and is organized into threemainparts. The first part outlines thedata processing
pipelineused to transformrawvideos intomodel-compatible inputs. The secondpart describes
the hardware infrastructure, including the computational resources and cluster architecture.
The third part presents the software stack, detailing the frameworks, libraries, and tools used
for model development and inference.

3.3.1 Data Processing

Videos in the dataset are stored in .mp4 format. In order to process them with Q3VL, they
must be converted into a sequence of visual tokens compatible with the model’s multimodal
transformer architecture. To perform this transformation, the model authors provide a set of
utility functions that handle video decoding, frame sampling, and spatial preprocessing.[39]
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This section summarizes the key steps involved in this pipeline and highlights the parameters
that influence both the computational cost and the characteristics of the input provided to the
model.

MP4 Video Video Decoding Frame Sampling

Spatial Preprocessing Preprocessed Frames Visual Encoder Visual Tokens

Video Metadata

Q3VL

Figure 3.2: Overview of the video preprocessing pipeline used in this work.

Figure 3.2 provides an overview of the main stages in the preprocessing pipeline.

Video Decoding and Frame Sampling

The preprocessing pipeline begins with video decoding. Each video is opened using the torch-
codec backend, which reads the video stream and provides access to individual frames, along
with metadata such as the original frame rate and the total number of frames.
Following decoding, the next stage is frame sampling. In this phase, a subset of frames is

extracted according to a predefined sampling strategy. The selection process is governed by two
parameters: the maximum number of frames (max_frames) and the target frame rate (fps),
which together determine the temporal resolution and coverage of the sampled sequence.
The number of frames to be sampled is computed based on the duration of the video. If this

number is lower than the specified maximum, the selected frames are uniformly distributed
across the temporal interval. Conversely, if the required number of frames exceeds the max-
imum allowed, the pipeline samples at a constant rate and adjusts the effective frame rate ac-
cordingly.

Spatial Preprocessing and Tokenization

After frame sampling, each frame undergoes spatial preprocessing. This stage determines
whether resizing is required and, if so, to what extent. Figure 3.3 provides a schematic overview
of this process.
The procedure consists of two main steps. First, a target resolution is selected, either dy-

namically or according to a user-specified value. In the dynamic case, the frame resolution is
evaluated against a max_pixels threshold. This parameter acts as a proxy for the number of
visual tokens, which scales with pixel density. Imposing a limit on the total number of pixels
prevents the generation of an excessive number of visual tokens, which could otherwise lead
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to OOM errors during inference. If the total pixel count of the selected frames is below this
threshold, the frames remain unchanged; otherwise, they are resized to satisfy the constraint.
In the alternative mode, all videos are uniformly resized (either upscaled or downscaled) to

a fixed target resolution specified by the user.
In both cases, prior to applying the target resolution, a validation step ensures that the height

and width of each frame are divisible by a fixed factor determined by the model’s patch config-
uration. This constraint guarantees that the visual encoder can correctly partition the image
into patches. For the architecture employed in this work, this factor results from a patch size of
16 pixels and a spatial merge factor of 2, requiring input dimensions to bemultiples of 32 pixels.
Whenever resizing is required, it is performed using bicubic interpolation.
Finally, once temporal and spatial preprocessing are completed, the resulting sequence of

frames is converted into tensor representations and passed to the model’s visual encoder. The
encoder partitions each frame into patches and transforms them into visual tokens, which con-
stitute the input sequence processed by Q3VL.

Dynamic

Manual

Below threshold Above threshold

Input Frame

Target Resolution 
Selection

Check max_pixels 
threshold

Use user-defined 
resolution

Keep original 
resolution

Smart resize using 
max_pixels

Patch Compatibility 
Check

Resize frames to 
target resolution

Preprocessed Frames

Figure 3.3: Overview of the spatial preprocessing stage

Preprocessing outputs and metadata

During preprocessing, the pipeline also generates a dictionary containing metadata about the
processed video, such as the original frame rate, the indices of the sampled frames, and the total
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number of frames. This metadata is preserved and later incorporated into the textual input
provided to themodel, allowing the system to retain information about the temporal structure
of the original video.

3.3.2 Model deployment and technical implementation

All inference experiments in this work were conducted using the High-Performance Comput-
ing (HPC) facilities provided by the University of Padova, specifically through the cluster man-
aged by the Dipartimento di Ingegneria dell’Informazione (DEI).[40]

HPC

HPC refers to the use of interconnected computing resources to achieve computational per-
formance far beyond that of standard desktop computers or workstations. In the context of
this project, the DEI cluster allows to use a much bigger model and faster inference thanks to
parallelism.

ssh submit jobs

read/write

read/write

Compute Node (GPU)

GPU 1 GPU 2 GPU 3 GPU 4 CPU coresUser Login Node Slurm Scheduler

NFS Volume

NFS-mounted 
working directory

Figure 3.4: Illustrative overview of the HPC cluster showing login nodes, the Slurmworkload scheduler, compute nodes, and

sharedNFS storage.Note that this is as example, as some nodes providemore than 4GPUs

Cluster Architecture The DEI HPC cluster follows a standard multi-node architec-
ture consisting of the following components:

• Login Node: Serves as the entry point for users to access the cluster via SSH. Users con-
nect to this node to prepare jobs, manage files, and submit computational tasks.

• SLURM Scheduler: The Simple Linux Utility for Resource Management (SLURM)
is a workload manager responsible for job scheduling, resource allocation, and queue
management. Users submit jobs to SLURM, which allocates compute resources based
on availability and priority.

• ComputeNodes: The cluster includes bothCPU-onlynodes andGPU-acceleratednodes,
with the latter being central to this project. Some GPU nodes are equipped with high-
endNVIDIAGPUs, such as theA40andL40S, eachprovidingup to48GBofVRAM[40].
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• Network File System (NFS): TheNetwork File System (NFS) is a distributed file system
protocol that enables access to files over a network as if theywere stored locally. All nodes
mount a sharedNFS volume, ensuring consistent access to data, models, and code across
the cluster.

3.3.3 Software Stack and Libraries

To ensure computational reproducibility and compatibility with the HPC infrastructure at
DEI, the software environment was managed using Singularity. Singularity is specifically de-
signed for sharedHPC environments, allowing users to run containerized applications securely
without requiring elevated permissions, while maintaining access to high-speed interconnects
and GPU drivers provided by the host system.
For this work, the base software environment was derived from the official Docker image

provided by the Q3VL development team [41, 39]. To deploy this environment on the cluster,
the Docker image was pulled and converted into a Singularity Image Format (SIF) file using
the singularity build command.
While the base image provided most of the required dependencies, the flash-attn library

needed to be installed separately to enable efficient attention computation within the Trans-
formers framework. Consequently, flash-attn was installed directly from its source reposi-
tory [42] inside the Singularity container prior to execution.
A complete list of all Python packages, including their specific versions, is provided in Ap-

pendix A to facilitate exact replication of the experimental environment.

Implementation Framework

The model loading and inference pipeline was implemented using the Transformers library de-
veloped by Hugging Face [43]. While Transformers provides a flexible and user-friendly inter-
face, it is not always themost performant solution for running largemodels. Several specialized
inference frameworks, such as llama.cpp and sglang, extend the Transformers ecosystem by in-
troducing additional optimizations aimed at improving inference speed andmemory efficiency
across both high-end and resource-constrained hardware.
Despite these alternatives, the Hugging Face Transformers library was selected for this work

for three primary reasons:
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1. Research Focus: The primary objective of this project is to evaluate the semantic capa-
bilities of Q3VL in a controlled setting, rather than to maximize inference speed.

2. Video Support: Support for video inputs in alternative frameworks remains limited and
relatively recent. For example, llama.cpp does not natively support video inputs for mul-
timodal models and is currently restricted to text and image modalities [44].

3. Reproducibility: The authors of Q3VL provide official reference implementations ex-
clusively using the Transformers library [39]. Adhering to the official framework min-
imizes the risk of implementation artifacts and ensures consistency with the intended
model behavior.

Inference Optimization Strategies

• Model Quantization

Model quantization refers to a set of techniques used to reduce the numerical precision
of model weights in order to decrease memory consumption and accelerate inference.
Modern large language models are typically stored using 16-bit floating-point formats
(such as bf16). Quantization reduces this precision to lower-bit representations while
attempting to preserve predictive performance.
In this work, the model weights are quantized from bf16 to 8-bit precision using the
bitsandbytes library. This library implements optimized low-precisionmatrixmultiplica-
tion algorithms that enable efficient inference while maintaining minimal performance
degradation [45].

• Flash Attention

Flash Attention is an optimized attention computation algorithm designed to reduce
the memory footprint and computational cost of the self-attention mechanism in trans-
formermodels. By restructuring the attention computation to better utilize GPUmem-
ory bandwidth and minimize unnecessary memory operations, Flash Attention signifi-
cantly improves both memory efficiency and execution speed.
In this project, the Flash Attention 2.0 algorithm was used through the flash-attn li-
brary [42]. This implementation provides highly optimized GPU kernels for attention
operations, enabling faster inference while preserving the numerical equivalence of stan-
dard attention computations.

• Accelerate

To fully utilize the multiple GPUs available on the cluster, the Accelerate library was
employed. This library provides utilities for distributingmodel inference acrossmultiple
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deviceswhile abstractingmuchof the complexity associatedwithparallel anddistributed
computation.
In this work, a full copy of the model was loaded on each GPU assigned to a job. The
dataset was then partitioned so that each GPU processed a distinct subset of the input
videos in parallel.

• Greedy Decoding

During inference, responses were generated using greedy decoding. In this strategy, the
model selects, at each step, the token with the highest predicted probability.
Greedy decoding was chosen primarily for reproducibility and efficiency. Because token
selection is deterministic, identical inputs always produce identical outputs. This prop-
erty is particularly desirable in an experimental setting, where consistency across runs is
essential.
Additionally, greedy decoding is computationally efficient: at each generation step, the
model computes the probability distribution over the vocabulary and selects the most
likely token. In contrast, stochastic decoding strategies require sampling from this dis-
tribution, introducing randomness and additional computational overhead. Greedy
decoding therefore provides a fast and deterministic generation procedure suitable for
large-scale evaluation.

Cluster Execution Pipeline

Execution Pipeline

Experiment Setup

populate template 
with parameters

launch job & pass 
config path

saved with experiment

Configuration file 
(YAML)

SBATCH template

Orchestrator script
Generated SBATCH 

file

Inference script 
(Python + argparse)

Dataset
Text output (JSON)

Results directory

Figure 3.5: Workflow diagram illustrating the automated experiment pipeline from configuration to results.

Figure 3.5 illustrates the execution pipeline used to run inference experiments on the DEI
HPC cluster. The pipeline was designed to automate experiment configuration, job submis-
sion, and result collection, while efficiently utilizing the available computational resources.
The process begins with the definition of an experiment configuration file written in YAML

format. This file specifies all relevantparameters, includingmodel settings, prompts, input/output
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paths, and runtime options. The configuration file is stored together with the experiment out-
puts to ensure reproducibility.
An orchestrator script then reads the configuration and populates a predefined SBATCH

template, generating a SLURM-compatible job submission script. The resulting SBATCH file
specifies the required computational resources, such as GPUs, CPU cores, memory allocation,
and maximum execution time.
Once submitted, the SLURM scheduler allocates the requested resources and launches the

job on the cluster. The SBATCH script then executes the inference pipeline, during which
Q3VL processes the input videos.
Finally, the model outputs are saved as JSON files and stored together with the correspond-

ing configuration file. This structure ensures that each experiment is fully documented and
reproducible, while also simplifying experiment management on the cluster.
All source code related to the pipeline is available in the project GitHub repository [46].
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4
Experimental Evaluation and Parameter

Selection

This chapter details the experiments performed during this study. The experiments are divided
into two sets based on their specific optimization objectives.

4.1 Experiments

4.1.1 Experimental Setup andMetrics

As outlined in Section 3.3.3, a unique configuration file can be used tomodify both the prompt
and the parameters of the preprocessing pipeline. This system enables the creation of distinct
experimental conditions, allowing model performance to be evaluated under a variety of con-
trolled settings.
To assess performance, the model is tasked with producing annotations for the videos in the

Video Sample dataset described in Section 3.2.2. These automatically generated annotations
are then compared with the manually produced gold-standard annotations usingQWK as the
primary evaluation metric.
In this work, two main groups of experiments were conducted, each addressing a different

aspect of the modeling process.
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4.1.2 Validation ofModel Scale and Reasoning Strategies

The first group of experiments was conducted following the work of Dunivin et al. [37], who
investigate the use of LLMs for content coding tasks on textual data. Their study reports several
relevant findings regarding model behavior in this setting. In particular:

• larger models yield better task performance;

• the use of CoT reasoning improves model performance;

• increasing the number of attributes to be labeled decreases model performance.

In this work, similar experiments are conducted to evaluate whether these observations gener-
alize to a multimodal setting involving video data.

Impact ofModel Scale

To investigate the impact of model scale, the performance of the Q3VL-Instruct model is com-
pared across four different model sizes. Figure 4.1 illustrates the results. Performance increases

Figure 4.1: Q3VLmodel performance across different parameter sizes (in billions).

significantly with model size, confirming the findings of Dunivin et al. The 32B model out-
performs the others across all categories and is therefore used for the subsequent experiments,
serving as the model of choice for this work.
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Evaluating Thinking vs. Instruct Variants

This experiment compares the performance of the Instruct andThinking versions of theQ3VL
32B model. As described in Section 2.2.5, the Thinking variant is specifically designed for CoT
reasoning and outputs its reasoning process in the text stream before producing the final an-
swer.
Table 4.1 presents the performance of both models using Accuracy and QWK.

Task Instruct Thinking
Accuracy QWK Accuracy QWK

Clothing / Nudity 0.62 0.807 0.40 0.628
Pose 0.50 0.550 0.48 0.339
Touch 0.64 0.610 0.28 0.31

Table 4.1: Performance comparison between the Instruct and Thinking variants across different tasks. Accuracy andQWK

are reported.

The Instruct variant consistently outperforms the Thinking variant across all evaluatedmet-
rics, while also requiring fewer computational resources. This result suggests that, in thepresent
setting, explicitly generating intermediate reasoning steps does not provide a performance ad-
vantage.
However, this finding should be interpreted with caution. First, the comparison is limited

to a specific model family and implementation of CoT reasoning. Second, the effectiveness of
CoT methods is known to be task-dependent, with greater benefits typically observed in tasks
requiring complex reasoning or multi-step inference [37]. In contrast, the content coding task
considered in this work may rely more heavily on direct visual pattern recognition than on
explicit reasoning processes.
Based on these results, the Instruct variant was selected for all subsequent experiments.

Impact of the Number of Annotated Variables

This experiment examines how the number of variables included in the annotation task affects
model performance. To this end, the prompt was systematically modified to vary the annota-
tion load. The experiment was initially conducted using the three core variables considered in
this study (Touch, Pose, and Clothing/Nudity). Additional variables from the full codebook
were then progressively introduced, increasing the total number of attributes the model was
required to annotate.
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Performance was evaluated by measuring the QWK scores for the three primary variables
as the total number of annotated variables increased. The results are presented in Figure 4.2.
Contrary to expectations based on prior work [37], performance remains relatively stable as the
number of variables increases. This suggests that, in the presentmultimodal setting, themodel
is able to handle additional annotation tasks without a substantial degradation in performance
on the primary variables.

Figure 4.2: Performance changesmeasuredwith QWK as the number of variables to code increases.

4.1.3 Impact of Context Length and Input Configuration

A second set of experiments was conducted to investigate the relationship between context
length and model performance in multimodal video analysis tasks. Prior work suggests that
increasing the input context length in large language models can negatively affect task accuracy,
even when retrieval capabilities remain largely unaffected. In particular, Hong et al. [47] sys-
tematically evaluated 18 state-of-the-art LLMs, including models from the Qwen family, and
observed consistent performance degradation as the number of input tokens increases. This
phenomenon, often referred to as context rot, indicates that model attention is not uniformly
distributed across long sequences, with reduced reliability for tokens located deeper within the
context window, regardless of model architecture or scale.
This issue is directly relevant to the content coding task addressed in this study. Visual

frames are tokenized and concatenated with textual instructions within a shared context win-
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dow, requiring the model to attend simultaneously to fine-grained visual details within indi-
vidual frames while preserving temporal coherence across the sequence. The total number of
visual tokens generated depends on two controllable parameters:

• The spatial resolution of input frames, which determines the level of visual detail avail-
able for recognizing subtle features;

• The number of sampled frames, which controls the temporal coverage of the video.

Together, these parameters define the effective context length presented to the model. As
a result, experimental design involves a fundamental trade-off: higher resolution and denser
frame sampling improve the richness of the input representation, but they also increase context
length, potentially amplifying performance degradation associated with context rot.
The experiments presented in this section aim to identify optimal configurations for these

parameters and to quantify their impact on overall model performance.

Resolution Analysis

To ensure reproducibility and feasibility in the subsequent experiments, a set of fixed input
parameters was defined. First, the maximum number of frames per video was constrained to
regulate the temporal context length. Based on the video length distribution reported in Sec-
tion ??, a baseline target of 60 frameswas selected. This choice guarantees aminimumsampling
rate of 2 frames per second for videos up to 30 seconds in duration, covering approximately 75%
of the dataset across all regions. For longer sequences, this configuration maintains a sampling
density of at least 1 frame per second for the majority of videos.
Next, an upper bound for spatial resolution was established. The highest candidate con-

sidered was 1280×720, corresponding to the maximum available resolution and allowing all
data to be processed at native quality. However, preliminary experiments using the optimiza-
tion framework and cluster infrastructure described in Section 3.3.2 showed that processing 60
frames at this resolution exceeds available memory. In particular, the KV cache requirements
surpass the capacity of the largest GPUs in the cluster, leading to out-of-memory (OOM) er-
rors.
For this reason, 1024×576 was selected as themaximum feasible resolution. This setting cor-

responds to the second-highest resolution in the dataset and is also among the most frequently
occurring. Under this configuration, the maximum number of frames that can be processed
without OOM errors was found to be approximately 90 per video, and this value was adopted
as the final setting.
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Finally, a systematic procedure was applied to derive a controlled set of lower resolutions for
comparative evaluation. This process was subject to several constraints: (i) both height and
width had to be multiples of 32 pixels, as required by the Q3VL pipeline (see Section 3.3.1);
(ii) resolutions had to satisfy the upper bound (H≤1024, W≤576); and (iii) the original aspect
ratio had to be preserved to avoid geometric distortion.

Since only one configuration strictly satisfied all three constraints, the aspect ratio require-
mentwas relaxed. The search spacewas extended to include configurationswith an aspect ratio
within a narrow 5% interval [0.54, 0.585], centered around the dataset’s nominal portrait ratio
(9:16 ≈ 0.5625). This relaxation limited geometric distortion while increasing the number of
feasible configurations.

An exhaustive enumeration under these constraints yielded 23 valid resolutions. From this
set, ten configurationswere selected throughuniformsamplingwith respect to total pixel count
(H×W), ensuring a balanced coverage of the available visual token budget while avoiding re-
dundancy among computationally similar settings. The final set of resolutions, ordered by
increasing pixel count, is reported in Table 4.2. Figure 4.3 presents the results of the resolution

Resolution (H×W) Pixel Count
224×128 28,672
384×224 86,016
512×288 147,456
608×352 214,016
704×384 270,336
768×448 344,064
832×480 399,360
896×512 458,752
960×544 522,240
1024×576 589,824

Table 4.2: Selected resolutions ordered by increasing pixel count.

analysis. The model’s performance on the Pose and Clothing/Nudity variables remains stable
across different runs and resolution settings. In contrast, performance on the Touch variable
increases with higher input resolution.

These results indicate that resolutionhas ameasurable impact on the evaluationof theTouch
variable, while its effect on the other variables is limited within the tested range.
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Figure 4.3: performance changesmeasuredwith QWK as resolution changes.

Temporal Sampling Density

This experimentwas conductedby first fixing the input resolutionbasedon the results reported
in Section 4.3. A resolution of 608× 352was selected, as it achieved strong performance while
remaining sufficiently compact to allow a larger number of frames to be sampled per video
without exceeding memory constraints.

The next step was to evaluate the effect of increasing the number of frames per video. One
possible approach would have been to vary the FPS parameter and progressively increase the
sampling rate. However, this strategy was not adopted, as it would have limited the range of
feasible configurations: even for relatively short videos, high FPS values would lead to a rapid
increase in the number of frames, resulting in OOM errors.

Instead, a direct sampling approach was employed. For each video, an increasing number of
frames was selected and provided as input to the Q3VL model, ranging from 10 to 180 frames.
The results are shown in Figure 4.4.

The performance on the Clothing/Nudity variable remains stable across different numbers
of sampled frames. In contrast, performance on the Touch and Pose variables increases with
a higher number of frames. This indicates that these variables benefit from greater temporal
coverage, as they depend on dynamic information thatmay not be fully capturedwith a limited
number of sampled frames.
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Figure 4.4: Model performance as a function of the number of frames sampled per video.

4.2 PromptOptimizationandFinalConfigurationAnal-
ysis

4.2.1 Prompt Tuning

In parallel with parameter tuning, optimization efforts were directed towards the prompt struc-
ture. Prompt engineeringpresents inherent challenges, particularlywith respect to stability and
determinism. Large languagemodels often exhibit sensitivity to lexical variations, whereminor
changes in phrasing can lead to substantial differences in the generated output, even when the
underlying semantic intent remains unchanged [48]. This sensitivity complicates the assess-
ment of performance improvements.
Tomitigate this issue, experimental conditions were isolatedwhere possible, and an iterative

refinement process was adopted. In this process, incrementalmodificationswere applied to the
prompt, and their impact on model performance was evaluated.
The overall prompting strategy remained consistent throughout development. The model

is provided with the annotation codebook and the input video frames, and is instructed to pro-
duce labels in a structured JSON format. This structured output facilitates direct downstream
processing of themodel’s predictions. The initial prompt version introduced the codebook and
defined basic output constraints. Subsequent analysis identified several areas for improvement
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to better align the model’s outputs with the annotation guidelines.
The transition from the baseline prompt to the final configuration involved threemainmod-

ifications, each contributing to performance improvements:

• Handbook Terminology Standardization: The terminology used in the codebook was
revised from informal descriptors to more formal and precise language. For example,
references to private areaswere replaced with anatomically intimate regions, and general
references to body parts were refined usingmore specific anatomical terms (e.g., anterior
thoracic area instead of chest).

• Inclusion of Step-by-Step Reasoning Examples: Incorporating an example of the rea-
soning process required for the content coding task led to improved performance under
a step-by-step reasoning setting. This approach encourages themodel to first map visual
observations to the annotation criteria before producing the final label.

• System Prompt Constraint Consolidation: As described in Section 2.3, Q3VL allows
separate customization of system and user prompts. Performance improved when this
structure was explicitly leveraged: general instructions and the model persona were de-
fined in theSystem Prompt, while variable inputs, such as the codebook andvideo frames,
were provided in theUser Prompt.

Table 4.3 reports the performance difference between the initial and final prompt configura-
tions. The full specification of the final prompt is provided in Appendix B B.

Clothing_Nudity Pose Touch
Before Prompt Tuning 0.741 0.318 0.361
After Prompt Tuning 0.787 0.598 0.626

Table 4.3: Improvement in QWK across categories before and after prompt tuning

4.2.2 Final Parameter Selection

Several factors informed the selection of parameters for the full dataset run. First, a decisionwas
made regarding prompt structure. While highly specialized, category-specific prompts could
potentially maximize performance for individual variables, this approach would substantially
increase computational cost. For this reason, a unified prompt structure was retained to ensure
scalability and feasibility.
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Second, during the ablation experiments, certain configurations exhibited improved perfor-
mance in specific categories while underperforming in others. As a result, the final configura-
tion was selected to achieve a balance across all three target categories, prioritizing consistent
performance rather than optimizing for a single metric.
Following the optimization experiments conducted on the Video Sample dataset, the se-

lected configuration was applied to generate annotations for the full dataset. Although the
resulting annotations are subject to the error margins reflected in the QWK scores, they pro-
vide a reliable signal for downstream analysis. The parameters used for video processing—
including both annotation generation and content coding—consisted of a spatial resolution
of 832×480, a maximum sampling rate of 2 frames per second (with adaptive reduction for
longer sequences), and an upper limit of 90 frames per video.
It should be noted that no independent validation was performed to assess the quality of

the video descriptions generated using the methodology outlined in Section 2.3.1. Instead, this
work relies on the quality assurance procedures reported in the original Video Ally study. Al-
though those evaluations were conducted using a different MLLM, the overall framework re-
mains consistent with the present implementation. This reliance on external validation repre-
sents a limitation of the current work, as model-specific biases in the video processing pipeline
were not explicitly isolated. Both the system and user prompts used within the Video Ally
framework are reported in Appendix B.

4.2.3 Performance Evaluation of Final Annotations

The performance of the finalmodel configuration is evaluated using confusionmatrices, which
illustrate the correspondence between predicted and ground-truth labels. Off-diagonal ele-
ments highlight systematic disagreementpatterns, including consistent over- orunder-estimation
of intensity levels, as well as confusion between semantically related categories. Figure 4.5
presents the confusion matrices for the three target variables after prompt optimization.
A strong diagonal structure is observed across all categories, indicating good overall agree-

ment between model predictions and ground-truth labels. At the same time, a slight tendency
toward underestimation is visible, along with a limited number of misclassifications.
As discussed in Section 3.2.4, a useful reference point is provided by the performance of

the codebook creators on an image annotation task. Table 4.4 compares the final model per-
formance against human inter-rater reliability. While the model consistently falls short of the
human baseline across all categories, the achieved QWK scores remain within an acceptable
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Figure 4.5: Confusionmatrices showing the agreement betweenmodel predictions and human annotations for the three
content coding categories. Rows correspond to ground-truth labels, while columns correspond tomodel predictions.

range for automated coding tasks. These results indicate that, although the model does not
reach human-level agreement, it produces annotations that are sufficiently reliable for large-
scale analysis.

Category Model QWK Human Baseline QWK Absolute Gap (∆κ)
Clothing/Nudity 0.787 0.891 0.104
Pose 0.601 0.831 0.230
Touch 0.626 0.726 0.100

Table 4.4: Comparison of model performance against human inter-rater reliability. The human baseline reflects agreement
among codebook creators on a comparable annotation task.
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5
Results and Analysis

5.1 Runtime Statistics and Computational Configu-
ration

The final prompts and parameter settings were used to perform inference over all videos in the
dataset. All computations were executed on HPC nodes equipped with NVIDIA A40 GPUs.
Each processing job was allocated six GPUs and two CPUs per GPU (twelve CPUs per job),
operating on a single dedicated node.
The dataset was partitioned by national origin (IT, KR, US). For each national subset, two

distinct processing runswere conducted to perform content coding and video descriptions gen-
eration.
Table 5.1 summarizes the computational metrics across all national subsets.

Dataset Size (GB) Content Coding Time Video Captions Time

IT 40 05:56:36 19:16:07
KR 26 05:03:48 16:57:37
US 44 06:37:40 21:10:11

Table 5.1: Runtime summary of annotation and video captioning jobs across dataset splits.
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5.2 Results analysis

5.2.1 Content Coding Analysis

Figure 5.1 presents the distribution of scores across the three content coding variables (touch,
clothing_nudity, and pose) as proportions of the total dataset. The distributions exhibit right-
skewed patterns across all variables, with the majority of videos receiving low scores (0-1) and
progressively fewer videos assigned higher scores. This pattern aligns with the dataset’s con-
struction methodology: videos were collected based on platform popularity metrics without
explicit targeting of sexualized content.

Figure 5.1: Distribution of coded variables.

5.2.2 Gender andNationality Effects on Coded Variables

To enhance interpretability, scores were averaged across coded variables for each creator (i.e.,
across their videos), and the resulting aggregated valueswere treated as continuousmeasures for
statistical analysis. A two-way analysis of variance (ANOVA)was conducted to assess the effects
of creator gender (restricting the analysis to creators labeled as man or woman) and national
origin (IT, KR, US) on sexualization dimensions. Interaction effects were included to evaluate
whether gender differences vary across national contexts.
Figure 5.2 illustrates the mean scores across conditions, while Table 5.2 reports the corre-

sponding statistical results. The F-statistic represents the ratio of systematic (between-group)
variance to residual (within-group) variance, with larger values indicating stronger evidence
against the null hypothesis. Partial eta-squared (η2p) quantifies the proportion of variance ex-
plained by each factor, with conventional thresholds of 0.01 (small), 0.06 (medium), and 0.14
(large) [49].
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The results indicate significant main effects of gender across all three dimensions (all F >

19.47, p < .001), with women consistently obtaining higher scores than men across all na-
tional contexts. The largest gender effect is observed for clothing/nudity (η2p = .079, medium),
where women creators receive substantially higher scores than men.
Significant effects of national origin are also observed for touch (η2p = .061, medium) and

pose (η2p = .146, large). In contrast, no significant gender × nation interactions are found
(all p > .05), indicating that gender differences in sexualization are consistent across cultural
contexts.
Overall, these findings suggest that gender is a robust predictor of variation in sexualization

scores, with a consistent gender gap observed across all three national subsets, while national
differences primarily affect specific dimensions rather than the overall pattern.

Table 5.2: Impact of gender and nationality on coded variables. ∗∗p < .001; ns = not significant (p ≥ .05). Boldface
indicates the largest observed effect size. Gender is coded as a binary variable (Man/Woman), while nationality is treated as

amulticlass variable (Italy, United States, South Korea).

Dimension Gender Nation Interaction

Touch F = 28.26∗∗∗ F = 18.09∗∗∗ ns
(η2p = .048) (η2p = .061)

Pose F = 19.47∗∗∗ F = 47.56∗∗∗ ns
(η2p = .034) (η2p = .146)

Clothing/Nudity F = 47.98∗∗∗ ns ns
(η2p = .079)

To further investigate the significant nation effects identified in the ANOVA, Tukey’s Hon-
estly Significant Difference (HSD) post-hoc tests were conducted onmarginal means collapsed
across gender. Tukey HSD identifies which specific nation pairs differ by calculating the min-
imum mean difference required for significance while controlling the family-wise error rate
across all pairwise comparisons [50]. This procedure is appropriate following a significant
ANOVA with more than two group levels [51]. The clothing/nudity dimension was excluded
from post-hoc analysis due to the absence of a significant nation effect.
Table 5.3 presents the Tukey HSD results for the touch and pose dimensions. Both dimen-

sions exhibit a consistent pattern: U.S. creators score significantly lower than both Korean and
Italian creators, while no significant differences are observed between Korea and Italy. The
largest national difference is observed for the pose dimension, whereKorean creators score 0.44
points higher than U.S. creators (p < .001).
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Figure 5.2: Content coding variables by creator gender and nation. Error bars represent standard error.

Dimension η2p KR US IT Significant Pairwise Differences

Touch .046 1.02 0.84 0.95 IT>US (∆=0.11); KR>US (∆=0.18)
Pose .165 0.90 0.46 0.54 IT>US (∆=0.08);KR>US (∆=0.44)

Table 5.3: Nation Differences across coded variables, only singfinicatn differences are shown
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5.3 TextualAnalysisofMLLM-GeneratedDescriptions

To facilitate statistical analysis of textual data in relation to the content coding dimensions,
a two-step preprocessing pipeline was implemented. First, an overall sexualization score was
computed for each video by summing standardized scores across all content coding variables.
Videos were then categorized into three ordinal bins based on the resulting scores: Low (0–2),
Medium (3–6), and High (7–11).
Second, textual preprocessing was performed using lemmatization via the spaCy natural lan-

guage processing library [52]. Lemmatization reduces inflected word forms to their base dic-
tionary form (e.g., “running”→ “run”; “better”→ “good”), thereby consolidating morpho-
logical variants into unified lexical units. This normalization improves statistical analysis by ag-
gregating related forms while preserving semantic distinctions that stemming algorithms may
conflate. Stopwords (i.e., high-frequency function words such as “the,” “and,” and “of”) were
removed to focus on content-bearing lexical items.
Figure 5.3 presents a preliminary analysis of the text corpus, including the average length of

each video description and the most frequent words in the dataset.

Figure 5.3: Preliminary analysis of the generated text corpus, including average description length andmost frequent words.

5.3.1 Body-Part Focus by Sexualization Level

To investigate whether the signal produced by the content-coding approach is reflected in the
generated textual descriptions, thedistributionofbody-partmentions is analyzed. SinceVideoAlly
is designed to include only contextually relevant information, explicit mentions of body parts
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can be interpreted as an indicator of their saliencewithin a scene. Consequently, the average fre-
quency of such mentions across predefined bins serves as a proxy for relevance. For this reason,
the mean normalized frequency (mentions per 100 words) is adopted as the primary metric.
A simplified vocabulary was constructed to capture the most representative terms for each

body-part category. Specifically, four categories were defined:

• Torso: waist, hip, thigh, abdomen, stomach, chest, breast, back, shoulder

• Limbs: arm, hand, finger, leg, foot, ankle, knee

• Face: face, eye, lip, hair, mouth, cheek, chin

• FullBody: body, figure, silhouette, posture

Using this vocabulary, an analysis was conducted to compare normalized body-part men-
tions across sexualization score levels. Prior to inferential testing, the distributional properties
of normalized mention frequencies were assessed using the Shapiro–Wilk test for normality
[53]. Results indicated significant deviations from normality across all body-part categories (all
p < .001). Given these results and the ordinal nature of the sexualization bins, the Kruskal–
Wallis H test was selected as a non-parametric alternative to one-way ANOVA [54].
Figure 5.4 displays the mean normalized frequencies (mentions per 100 words) across sexu-

alization bins.
Results reveal systematic increases in body-part mentions across ascending sexualization lev-

els for all four categories. The torso category exhibits the most pronounced monotonic trend,
with normalized frequencies increasing from 0.25 mentions per 100 words in the Low bin to
0.68 in the High bin (∆ = 0.43). This pattern aligns with the operational definitions in the
content coding protocol, where torso-related visual elements (e.g., exposure of the waist, chest,
or hip regions) contribute directly to clothing/nudity scores, while physical contact with these
regions influences touch coding.
The correspondence between increased torso mentions in textual descriptions and higher

content coding scores provides additional support for the validity of the annotation frame-
work, suggesting thatMLLM-generated descriptions capture salient visual features relevant to
sexualization assessment. Limb and face categories exhibit similar directional patterns, albeit
with smaller effect sizes, while full-body mentions decrease with increasing sexualization levels,
indicating a shift from holistic to region-specific descriptive focus.
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Figure 5.4: Body-part focus by sexualization level.

5.3.2 LexicalMarkers of Sexualization: Log-Odds Analysis

To identify words that reliably distinguish highly sexualized from non-sexualized content, log-
odds ratios are computed by comparing word frequencies between the High and Low sexu-
alization bins. Log-odds ratios quantify how much the presence of a word shifts the relative
likelihood that a description originates from a high- versus low-sexualization video. Formally,
for each wordw:

log-odds(w) = log

(
P (w | High)
P (w | Low)

)
(5.1)

Positive values indicatewords that aremore characteristic of highly sexualized content, while
negative values indicate words more characteristic of non-sexualized content.
Words were selected based on minimum occurrence thresholds (≥150 global occurrences;
≥5 per bin) to ensure stable probability estimates. Table 5.4 presents the ten most distinctive
words for each bin.
The High sexualization bin is characterized by clothing- and visual-framing-related termi-

nology. Terms such as cropped and crop frequently describe abbreviated garments or composi-
tional framing that emphasizes body regions, functioning analogously to shirtless in drawing
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attention to exposed anatomy. Additional markers include descriptors of garments (strapless,
mini, heel) and specific body regions (waist, hip).
Conversely, theLowsexualizationbin is dominatedby food-related terms (bite, sauce, chicken,

cheese) and pet-related vocabulary (pet, paw). These lexical patterns provide further evidence
that the content codingpipeline, as implementedwithQ3VL, capturesmeaningful distinctions
in semantic content across sexualization levels.

Table 5.4: DistinctiveWords by Sexualization Level (Log-Odds Analysis)

Bin Word Log-odds FrequencyMultiplier

High

cropped 3.71 40.7×
crop 3.20 24.6×
mini 2.91 18.4×
hip 2.84 17.1×
heel 2.67 14.4×
waist 2.57 13.1×
shirtless 2.49 12.0×
accessorize 2.43 11.4×
sway 2.43 11.3×
strapless 2.34 10.4×

Low

bite -2.15 8.6×
sauce -2.10 8.2×
chicken -1.92 6.8×
taste -1.81 6.1×
cheese -1.81 6.1×
dip -1.72 5.6×
pet -1.72 5.6×
tray -1.70 5.5×
paw -1.69 5.4×
cutting -1.67 5.3×
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6
Conclusions

6.1 Results Discussion

This work demonstrates that multimodal large MLLMs have reached a level of capability that
enables scalable content analysis of full-length videos, overcoming previous limitations related
to token constraints and the difficulty of modeling temporal dynamics.

A key finding of this study is the presence of systematic, theory-consistent differences in
sexualization-related measures across gender. These differences can be interpreted through the
lens of objectification theory [10, 9]. In particular, the observed patterns are consistent with
the notion that individuals may internalize objectifying cultural norms and, in turn, engage
in self-presentational strategies that emphasize appearance. This dynamic may contribute to
a feedback loop in which behaviors such as posing, clothing choices, or framing within videos
are shaped by anticipated social rewards, aligning with prior work on self-objectification and
appearance-based evaluation. While this interpretation remains speculative, it provides a plau-
sible theoretical framework for understanding the gender-related differences observed in the
coded variables.

Importantly, the outputs of this project extend beyond the specific analyses presented here.
This work produces two complementary analytical resources: (i) quantitative sexualization
scores that enable structured comparisons across contexts, and (ii) a corpusofMLLM-generated
textual descriptions of video content. These resources can be leveraged for a wide range of
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downstream analyses. As such, the dataset constitutes a reusable foundation for future re-
search.
Finally, the textual analysis provides converging evidence supporting the validity of the ex-

tracted signal. The systematic variation in lexical and semantic features across sexualization
levels suggests that theMLLM-generated descriptions capturemeaningful aspects of the visual
content relevant to sexualization. In particular, the alignment between linguistic patterns and
coded variables reinforces the interpretability of the proposed framework and indicates that the
derived measures reflect underlying content characteristics rather than noise. Taken together,
these findings support the utility of MLLM based annotation as a practical tool for large scale
analysis, while also highlighting the importance of contextual and theoretical interpretation
when working with automated measures.

6.2 Project Limitations

Several methodological constraints warrant acknowledgment. First, model validation relied on
a limited human-annotated subset (n = 50 videos), which constrains the robustness and gener-
alizability of the content coding accuracy assessment. Second, the analysis focused exclusively
on visual content, in line with the scope of the project, and therefore excluded complemen-
tarymodalities such as audio transcripts, user comments, captions, and platformmetadata that
could provide a more comprehensive understanding of sexualization in context.
Third, the coding protocol was restricted to three dimensions adapted frommagazine-cover

annotation guidelines, and as such does not capture the full complexity and multimodal na-
ture of sexualization in video-based environments. Finally, a key limitation of the pipeline lies
in its limited contextual understanding, as illustrated in Figure 6.1. In this example, Q3VL cor-
rectly identified elements such as nudity, intimate touch, and suggestive posing, assigningmax-
imum scores across all dimensions. However, by adhering strictly to the coding instructions,
the model failed to incorporate contextual cues, leading to a misalignment between quantified
features and the actual meaning of the scene.

6.3 FutureWork

Future development could proceed along two interconnected trajectories.
First, the content coding task could be iteratively refined in several ways. This includes de-

veloping a more diverse and video-specific codebook, potentially tailored to platform-specific
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Figure 6.1: A frame from a video labelled byQ3VL as themaximum in all three categories

dynamics given the prominence of TikTok, and validating it through multi-annotator reliabil-
ity studies to establish robust benchmarks. Expanding beyond the current three dimensions
to incorporate additional categories would enable a more comprehensive characterization of
sexualization in video-based content. Furthermore, structuring the task in amore holistic man-
ner could support the development of a full-fledged sexualization prediction framework by
integrating information from multiple modalities, including audio, video captions, user com-
ments, and engagement metrics.
Second, architectural innovations may further improve performance. In particular, multi-

agent frameworks—in which specialized components process distinct modalities before syn-
thesizing coordinated outputs—may better capture how sexualization emerges from the inter-
action between visual, auditory, and textual cues. Such approaches have recently been explored
in the literature with promising results [55].
Overall, the objective remains not complete automation but augmented analysis: computa-

tional tools that efficiently identify patterns for human reviewwhile transparently acknowledg-
ing their inherent limitations in contextual understanding.
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A
Software Environment

The following list shows the core Python packages and versions used for this project. This
list was extracted via pip freeze from the Singularity container and filtered to include only
packages directly relevant to the experimental pipeline.

# Core Deep Learning Framework

torch==2.8.0+cu128

torchvision==0.23.0+cu128

torchaudio==2.8.0+cu128

# Hugging Face Ecosystem & Model Loading

transformers @ git+https://github.com/huggingface/transformers@7aa888b7fa477d13153ffbfe107dfbd6c696014a

accelerate==1.10.1

huggingface-hub==1.10.0rc4

tokenizers==0.22.1

safetensors==0.6.2

# Qwen3-VL Specific Dependencies

qwen-vl-utils==0.0.14

# Video Processing & Frame Extraction

torchcodec==0.7.0
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av==15.1.0

opencv-python-headless==4.12.0.88

ffmpy==0.6.2

pillow==11.3.0

# Inference Optimization

flash_attn==2.8.3

bitsandbytes==0.48.1

xformers==0.0.32.post1

triton==3.4.0

# Data Handling & Analysis

pandas==2.3.3

numpy==2.2.6

scipy==1.16.2

# Utilities

tqdm==4.67.1

pyyaml==6.0.3

einops==0.8.1

sentencepiece==0.2.1
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B
Prompts Used

B.1 Content Coding Annotation Prompt

Listing B.1: User Prompt

You are being presented with a TikTok video. The following handbook defines every
variable and its allowed values. Each label describes what must visibly happen
in the video for it to be assigned.

ANNOTATION HANDBOOK
handbook = {
"touch": {
"0": "No touch is present. A person in the video does not touch their own body

in a noticeable way and is not touched by another person at any point in the
video.",

"1": "Incidental or non-intentional touch. A person in the video briefly or
casually touches their own body (e.g., adjusting clothing, brushing hair,
resting hands) or is touched by another person in a neutral, non-suggestive
way.",

"2": "Intentional but non-intimate touch. A person in the video deliberately
touches parts of their body in a suggestive or attention-oriented manner (e.
g., stroking the torso, emphasizing curves, sliding hands across the abdomen
or chest area) without making contact with anatomically intimate regions.

This also applies if another person performs similar suggestive touch toward
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them.",
"3": "Intentional intimate touch. A person in the video makes deliberate contact

with anatomically intimate regions (e.g., genital region, mammary region,
gluteal region), either touching themselves or being touched by another
person, with clear intent rather than accidental or functional contact."

},
"pose": {
"0": "Neutral posture. The individual is doing everyday or task-oriented

activities (such as standing, walking, sitting, performing routine tasks).",
"1": "Performance-oriented posing or movement (e.g., runway-style walking, dance

movements, athletic activity) without intentional emphasis on anatomically
intimate regions or body display.",

"2": "Posing or posture that intentionally highlights specific body regions in
an attention-oriented or suggestive manner (e.g., movements or stances
emphasizing the gluteal region or the anterior thoracic area).",

"3": "Posing that deliberately exposes or prominently emphasizes anatomically
intimate regions (e.g., genital region, mammary region, gluteal region),
including postures such as reclining with legs apart or similar explicit
exposure."

},
"clothing_nudity": {
"0": "Individual is fully clothed. Garments do not reveal any body regions.",
"1": "Garments allow minimal visibility of body regions (e.g., slightly wide

neckline, sleeveless top showing shoulders or upper arms while the anterior
thoracic area and abdominal area remain covered).",

"2": "Garments allow partial visibility of specific body regions (e.g.,
abdominal region, back, upper limbs, lower limbs), including when visibility
results from tight or contouring clothing.",

"3": "Garments allow extensive visibility of body regions and/or are very tight,
greatly emphasizing body contours.",

"4": "Individual is wearing only swimwear or undergarments.",
"5": "Individual is nude, with no garments covering major body regions."

}
}

Now analyze the provided frames carefully and output the final JSON annotation.

Example scenario (short description):
A short clip shows a creator who begins standing neutrally. At 00:02 they place a

hand on their anterior thoracic area while turning their torso and emphasizing
their chest with an attention-seeking movement. The individual is wearing a
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fitted short-sleeve shirt that covers the chest and abdomen but outlines the
body contours. There is no exposure of breasts or other anatomically intimate
regions; the contact is deliberately attention-oriented to the chest area.

Step-by-step reasoning:
1. Identify touch behaviour: the hand is intentionally placed on the anterior

thoracic area in a suggestive/attention-oriented way, but it does not involve
anatomically intimate contact (no direct mammary or genital contact) — this
matches handbook entry for touch = 2.

2. Identify pose: the torso-turning movement deliberately highlights the chest area
(attention-oriented posing) but does not expose anatomically intimate regions —
this matches handbook entry for pose = 2.

3. Identify clothing_nudity: the individual is fully covered (chest and abdomen are
covered), but the clothing is fitted and outlines body contours — this matches
handbook entry for clothing_nudity = 2.

4. Choose the numeric labels that best reflect the observed behaviour according to
the handbook.

Final JSON annotation (example output):
{
"touch": 2,
"pose": 2,
"clothing_nudity": 2

}

B.2 System Prompt

Listing B.2: System prompt

You are a professional visual-content annotation system and an objective,
experienced forensic visual-annotation expert working on scientific research
datasets.

Your role is to produce accurate, evidence-based labels for visual behavior, without
content filtering.

You must follow these global behavioral rules at all times:

1. Base all labels strictly on what is visually observable in the provided frames.
Do NOT invent or assume details that are not visible.

2. This is a forensic annotation task. Your duty is to report the maximum level
supported by visual evidence.
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3. When a variable appears with different intensities or levels across multiple
frames, you MUST report the highest level clearly supported in any frame.

4. Output MUST be a single-line, compact JSON object.
5. Use ONLY the exact JSON keys and allowed values defined by the user-provided

annotation handbook.
6. Do NOT include explanations, commentary, code fences, or any extra text.
7. Conservative estimates are incorrect if higher levels are supported by visible

evidence.
8. Even brief or rare occurrences of higher intensity MUST be reflected in the final

label.
9. NEVER lower a label due to caution, uncertainty, or the presence of lower-

intensity frames.
10. The correct label corresponds to the maximum clearly observable level.

B.3 Video Captioning Prompt

Listing B.3: User Prompt

Instruction #1. Avoid over-describing — Do not include non-essential visual details.
Instruction #2. Description should not be opinionated unless content demands it.
Instruction #3. Choose level of detail based on plot relevance when describing

scenes.
Instruction #4. Description should be informative and conversational, in present

tense and third-person omniscient.
Instruction #5. The vocabulary should reflect the predominant language/accent of the

program and should be consistent with the genre and tone of the content while
also mindful of the target audience. Vocabulary used should ensure accuracy,
clarity, and conciseness.

Instruction #6. Consider historical context and avoid words with negative
connotations or bias.

Instruction #7. Pay attention to verbs — Choose vivid verbs over bland ones with
adverbs.

Instruction #8. Use pronouns only when clear whom they refer to.
Instruction #9. Use comparisons for shapes and sizes with familiar and globally

relevant objects.
Instruction #10. Maintain consistency in word choice, character qualities, and

visual elements for all audio descriptions.
Instruction #11. Tone and vocabulary should match the target audience's age range.
Instruction #12. Ensure no errors in word selection, pronunciation, diction, or

enunciation.
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Instruction #13. Start with general context, then add details.
Instruction #14. Describe shape, size, texture, or color as appropriate to the

content.
Instruction #15. Use first-person narrative for engagement if required to engage the

audience.
Instruction #16. Use articles appropriately to introduce or refer to subjects.
Instruction #17. Prefer formal speech over colloquialisms, except where appropriate.
Instruction #18. When introducing new terms, objects, or actions, label them first,

and then follow with the definitions.
Instruction #19. Describe objectively without personal interpretation or comment.

Also, do not censor content.
Instruction #20. Deliver narration steadily and impersonally (but not monotonously),

matching the program's tone.
Instruction #21. Use clear and precise language to avoid ambiguity.
Instruction #22. When describing scenes with multiple characters, clearly identify

each character and their actions to avoid confusion.
Instruction #23. For complex scenes, break down the description into smaller

segments to enhance clarity and comprehension.
Instruction #24. Prioritize what is relevant when describing action as to not affect

user experience.
Instruction #25. Include location, time, and weather conditions when relevant to the

scene or plot.
Instruction #26. Focus on key content for learning and enjoyment when creating audio

descriptions. This is so that the intention of the program is conveyed.
Instruction #27. When describing an instructional video/content, describe the

sequence of activities first.
Instruction #28. For a dramatic production, include elements such as style, setting,

focus, period, dress, facial features, objects, and aesthetics.
Instruction #29. Describe what is most essential for the viewer to know in order to

follow, understand, and appreciate the intended learning outcomes of the video/
content.

Instruction #30. The description should describe characters, locations, on-screen
action, and on-screen information.

Instruction #31. Describe only what a sighted viewer can see.
Instruction #32. Describe main and key supporting characters' visual aspects

relevant to identity and personality. Prioritize factual descriptions of traits
like hair, skin, eyes, build, height, age, and visible disabilities. Ensure
consistency and avoid singling out characters for specific traits. Use person-
first language.

Instruction #33. If unable to confirm or if not established in the plot, do not
guess or assume racial, ethnic or gender identity.

71



Instruction #34. When naming characters for the first time, aim to include a
descriptor before the name (e.g., "a bearded man, Jack").

Instruction #35. Description should convey facial expressions, body language and
reactions.

Instruction #36. When important to the meaning / intent of content, describe race
using currently-accepted terminology.

Instruction #37. Avoid identifying characters solely by gender expression unless it
offers unique insights not apparent otherwise to low vision viewers.

Instruction #38. Describe character clothing if it enhances characterization, plot,
setting, or genre enjoyment.

Instruction #39. If text on the screen is central to understanding, establish a
pattern of on-screen words being read. This may include making an announcement,
such as "Words appear".

Instruction #40. In the case of subtitles, the describer should read the translation
after stating that a subtitle appears.

Instruction #41. When shot changes are critical to the understanding of the scene,
indicate them by describing where the action is or where characters are present
in the new shot.

Instruction #42. Provide description before the content rather than after.

Listing B.4: System prompt

Imagine your role is to generate descriptions for videos to make them accessible to
blind and low vision individuals.

You will watch a sequence of keyframes from a video.
Based on these keyframes, craft a description.
You must follow all the given instructions.
You should avoid any prefatory language, such as 'the video shows'.
Output your result as a dictionary format: {"Video_Category": A string representing

the category of video you believe it to be, "Revised_Desc": A string of
description.}
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