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Abstract

In industrial environments, operational safety and efficiency depend heavily on timely de-
tection of anomalies. This dissertation presents a complete, structured video summariza-
tion pipeline tailored to identify anomalies in industrial settings, using recent advances in
Large Language Models (LLMs) and Multimodal LLMs (MLLMs). Beyond reviewing state-
of-the-art methodologies in video captioning and anomaly detection, this work delivers a
practical implementation combining intelligent frame sampling, context-aware captioning
using advanced MLLMs such as gpt-4.1-mini and gemini-2.5-pro, and object detection via
YOLOv11.

A custom benchmark dataset with 100 Image-Question-Answer (IQA) triplets was developed
to evaluate the perceptual capabilities of various MLLMs in industrial scenarios. Addition-
ally, a novel "Model-as-a-Judge" framework was employed to assess models captioning and
pipeline summarization quality beyond lexical metrics. The final pipeline achieved a summa-
rization quality score of 0.72 and accurately detected five of six safety-critical anomalies in
over an hour of our self-recorded, real-world CNC machine footage.

The research has been recognized by the scientific community, being accepted for presenta-
tion at the SASYR Symposium. These contributions advance the field of applied Artificial
Intelligence (Al) for industrial safety monitoring through a robust and efficient multimodal
video analysis system.

Keywords: Video Summarization, Large Language Models, Multimodal Large Language
Models, Industrial Safety, Anomaly Detection
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Resumo

Em ambientes industriais, a seguranca operacional e a eficiéncia dependem fortemente da
detecdo atempada de anomalias. Esta dissertacao apresenta uma pipeline completa e estru-
turada de sumarizacdo de video, adaptada para identificar anomalias em cenarios industrials,
utilizando os avancos recentes em Large Language Models (LLMs) e Multimodal LLMs
(MLLMs). Além de rever as metodologias de ponta em legendagem de video e detegdo
de anomalias, este trabalho oferece uma implementacdo pratica que combina frame sam-
pling, legendagem do contexto com recurso a MLLMs avancados como o gpt-4.1-mini e 0
gemini-2.5-pro, e detecdo de objetos através do YOLOv11.

Foi desenvolvido um dataset de referéncia personalizado com 100 trios de Imagem-Pergunta-
Resposta para avaliar as capacidades de percecdo de varios MLLMs em cenarios industriais.
Adicionalmente, foi utilizada uma nova metodologia designada '"Model-as-a-Judge" para
aferir a qualidade das legendagens e da sumarizacdo para além das métricas lexicais. A
pipeline final alcancou uma pontuacdo de qualidade de sumarizacdo de 0.72 e detetou com
precisdo cinco das seis anomalias criticas para a seguranca, em mais de uma hora de filmagens
reais de maquinas CNC gravadas por nés.

A investigacdo foi reconhecida pela comunidade cientifica, tendo sido aceite para apre-
sentacdo no Simpodsio SASYR. Estas contribuigdes representam um avanco no campo da
Inteligéncia Artificial (IA) aplicada a monitorizacdo da seguranca industrial, através de um
sistema de analise de video multimodal robusto e eficiente.
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Chapter 1

Introduction

In today’s industrial landscape, ensuring operational safety and efficiency is paramount [16].
However, traditional reliance on human monitoring for detecting machine-related anomalies
is not only costly but also inherently prone to errors of fatigue and oversight [43]. The recent
advancements in Artificial Intelligence (Al), particularly Large Language Models (LLMs) and
Multimodal Large Language Models (MLLMs), present an opportunity to automate and
enhance these critical oversight processes.

In this dissertation, the authors address this challenge by designing, implementing, and
evaluating an innovative pipeline for the structured summarization of industrial video data.

The primary goal is to automatically generate concise, coherent summaries and, most im-
portantly, to detect operational anomalies and safety violations from real-world footage of
human-machine interactions. To achieve this, a complete, end-to-end system featuring a
modular architecture to processes video in near-real-time was developed. The research en-
gineered a content-aware frame selection mechanism to ensure computational efficiency,
integrated a state-of-the-art YOLOv11 model for precise object detection, and used the ad-
vanced capabilities of models like gpt-4.1-mini and gemini-2.5-pro for context-aware frame
captioning and final summarization.

A significant barrier in this field is the scarcity of public datasets tailored for nuanced, task-
specific evaluation in industrial settings. To overcome this obstacle, the team constructed a
novel benchmark dataset of 100 Image-Question-Answer (IQA) triplets, specifically designed
to test MLLMSs on core capabilities within the context of industrial scenarios. Confronted
with the limitations of traditional evaluation metrics, a "Model-as-a-Judge" methodology
was also implemented to ensure a fair and semantically accurate assessment of modern
generative models.

The empirical assessment of MLLMs on the custom dataset provided a clear hierarchy of
model performance, identifying gemini-2.0-flash and gpt-4.1-mini as the top performers with
scores of 0.75 and 0.72 respectively on a 0-to-1 scale.

When tested on real-world footage of a CNC machine in operation, recorded by the authors,
the final pipeline proved highly effective, achieving a summarization quality score of 0.72 and
successfully detecting five out of six predefined operational and safety anomalies, including
an engaged emergency stop button and an attempt to operate the machine with the door
open.
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1.1 Context and Problem

In many industries, operational disruptions caused by undetected errors or inefficiencies can
lead to safety incidents and financial losses. For example, in 2018, in Japan, 127.329 people
were injured in industrial accidents [16]. Figure 1.1 shows the number of casualties over four
days of missed work in Japan over time [16].

Number of Casualties Over 4 Days of Missed Work
250000

200000

150000

100000

Number of Casualties

50000

1990 1995 2000 2005 2010 2015

Year

Figure 1.1: Number of casualties over four days of missed work in Japan [16].

Also, companies that actively minimize human errors and workplace incidents, consistently
achieve significant long-term cost savings by reducing expenses related to accidents [8]. But
training personnel to monitor these events consistently and accurately is not only expensive
but also fails to eliminate errors due to fatigue and oversight. Automated detection of
machine-related issues in industrial contexts can be an effective way to improve operational
safety. For manufacturing and insurance companies, using factory-installed sensors - such as
video capture devices, sensors, and machine monitoring tools - to analyze operational data
could mean the difference between seamless operations and costly downtime.

Recent deep learning models have revolutionized a various number of industries, including
video surveillance [43]. Surveillance systems can now analyze large amounts of data quickly
and accurately, reducing the burden on human operators [43] and detecting possible errors
using less resources. This research seeks to take advantage of the capabilities of LLMs
and MLLMs to create structured video summaries adapted to industrial applications. These
summaries are designed to capture the logical sequence of events and highlight anomalies.
The method proposed builds on the recent success of machine learning models in integrating
textual and visual data to produce meaningful outputs.
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1.2 Objectives

The global goal of this dissertation is to address the challenge of analyzing industrial video
data to enhance operational safety. This is achieved by using the capabilities of recent LLMs
and MLLMs to generate structured, context-aware video summaries. These summaries
condense long footage into actionable insights that support error detection and preventive
safety interventions. This goal is supported by the following specific objectives:

e Survey State-of-the-Art Techniques

Conduct a systematic review of the latest methods in video summarization using LLMs
and MLLMs, particularly those relevant to industrial safety, video captioning, and cog-
nitive assistance. This includes examining techniques such as few-shot video-language
processing and and zero-shot video understanding.

e Explore and Construct Evaluation Datasets

Identify existing public datasets suitable for industrial scenarios assessment or simulate
relevant industrial environments to produce custom data. Where needed, construct
and annotate datasets tailored to evaluating the reasoning and perceptual capabilities
of modern machine learning models in safety settings.

e Design, Implement, and Assess a Summarization Pipeline

Develop a modular system that generates summaries using cutting-edge models. Eval-
uate the system’s effectiveness through both quantitative metrics and qualitative as-
sessments, emphasizing accuracy and the detection of potential anomalies during op-
eration.

1.3 Ethical Considerations

This project focus on using LLMs and MLLM. Therefore, key tasks include experimenting
with datasets of public videos, evaluating state-of-the-art Al models, and building a prototype
capable of generating structured video summaries. Throughout these activities, ethical
responsibility will be integral to the project’'s design and execution. To ensure privacy, no
organizational data will be collected. Instead, the project will rely on personal or public
datasets, ensuring adherence to principles of data minimization and transparency. Data
sources will be documented. The Al models used will be critically evaluated for fairness
and non-bias to ensure ethical and transparent outputs. Special attention will be given to
aligning the system’s development in a way that prevents misuse.

The solution of this dissertation extensively utilizes Al models. However, for the writing of
this document, Al tools were used solely for proofreading and linguistic refinement. They
were not used to generate ideas, arguments, or content.

Although this project is a proof of concept, the collection of images could lead to issues
related to the privacy of workers, making it necessary to address these aspects thoroughly.
These practices will be aligned with established ethical standards and guidelines, including the
Code of Good Practices and Conduct of the Polytechnic of Porto!, the Code of Ethics and
Deontology of the Portuguese Engineering Association?, and the principles of the European
Al Act3.

'https://diariodarepublica.pt/dr/detalhe/despacho/11171-2020- 148327696
’https://www.ordemengenheiros.pt/fotos/editor2/regulamentos/codigo_ed. pdf
*https://digital-strategy.ec.europa.eu/en/policies/regulatory-framework-ai
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Code of Good Practices and Conduct (Polytechnic of Porto)

Articles 2.f and 2.m emphasize respect for dignity, privacy, integrity, and rigor. These
will guide data safeguarding and ensure high academic standards in the representation
of results.

Portuguese Engineering Association Code of Ethics

Section 1 emphasizes safety and responsibility, principles that align with the system'’s
goal of detecting and mitigating risks during industrial operations. Section 2.5 advises
avoiding harm, which will be addressed by rigorously testing Al models to minimize
biases and potential misuse.

European Al Act

Principles of data minimization and transparency will guide the handling of datasets.
Articles 10.g and 10.h on fairness and transparency will guide the evaluation and
refinement of Al models to ensure ethical outputs.

It is important to note that portions of the state of the art review in this dissertation are
adapted from a prior academic report but have been substantially revised and expanded.

1.4

Document Structure

To ensure clarity and a logical flow, this dissertation is organized into the following chapters:

Chapter 1 - Introduction: This chapter introduces the research by outlining the problem
of industrial video data analysis, the objectives of the study, and the overall scope. It
discusses the potential of LLMs and MLLMs to address these challenges and details
the ethical considerations that guided the research.

Chapter 2 - Concepts and Research Method: This chapter establishes the foundational
concepts. It also outlines the systematic research methodology used to identify the
key literature that informs the state of the art review.

Chapter 3 - State of the Art: Provides a comprehensive review of existing literature
and case studies in video summarization. It explores current methods for integrating
LLMs and MLLMs together, highlighting the most advanced techniques in the field.

Chapter 4 - Design: This chapter details the design of the proposed video summariza-
tion pipeline. It covers the overall architecture and the methodology for assessing the
captioning models, including the creation of a new dataset and the evaluation method.

Chapter 5 - Implementation: This chapter describes the practical implementation of
the designed system. It covers the construction of the custom dataset for model
assessment and the development of the end-to-end video summarization pipeline, de-
tailing the tools and workflows used.

Chapter 6 - Results: This chapter presents the empirical findings from the models’
assessment and the pipeline's performance on the real-world test videos. It includes a
quantitative analysis of model performance and the pipeline’s effectiveness in generat-
ing summaries and detecting anomalies.

Chapter 7 - Conclusions and Future Work: This final chapter summarizes the research,
reflecting on the key findings and achievements. It also discusses the limitations of the
current work and proposes promising directions for future research and development.



Chapter 2

Concepts and Research Method

This chapter defines the key concepts used throughout the document and outlines the
research methodology employed to identify the papers that inform the state of the art
discussion in Chapter 3.

2.1 Key Concepts

An important first step is to clarify the difference between LLMs and MLLMs. While both
represent cutting-edge advances in Al, they differ fundamentally in their design, capabilities,
and application domains.

2.1.1 Large Language Models

LLMs represent a class of deep learning models that have revolutionized Natural Language
Processing (NLP) [30]. They are defined as large-scale, pre-trained, statistical language
models built upon neural network architectures, most notably the Transformer [30]. Their
defining characteristic is their immense scale, with modern LLMs containing tens to hun-
dreds of billions of parameters, and being pre-trained on massive, web-scale texts in a self-
supervised fashion [30]. The primary function of an LLM is to process, understand, and
generate coherent and contextually relevant text.

A key phenomenon associated with this scale is the manifestation of "emergent abilities" -
capabilities that are not present in smaller-scale models but appear as model size and training
data increase. These abilities include [2]:

e In-context learning: An LLM can learn to perform a new task from just a few examples
provided within the prompt at inference time, without any updates to its weights.

e Instruction following: After a phase of instruction tuning, models can generalize to
follow natural language instructions for new tasks without requiring explicit examples.

e Complex reasoning: Chain-of-thought prompting, where the model can break down a
complex problem into intermediate reasoning steps to arrive at a final answer.

Despite these powerful cognitive capabilities, LLMs are fundamentally unimodal systems.
They are trained exclusively on text data and can only perceive and process information in the
form of text tokens [30]. This renders them inherently "blind" to all other modalities, such
as images, audio, or video. This core limitation is the primary catalyst for the development of
MLLMs, which seek to augment the powerful reasoning engine of the LLM with perceptual
capabilities [54].
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2.1.2 Multimodal Large Language Models

MLLMs represent a more generalized and ambitious class of Al. MLLMs are defined as
sophisticated models designed to seamlessly process, integrate, and generate information
across a diverse spectrum of data types, which can include not only text and images but
also audio, video, and even more specialized data like biological signals [54].

The fundamental goal of MLLMs is to achieve a more human-like understanding of the
world by joining information from these multiple sources. They are capable of accepting and
reasoning over interleaved text and image inputs to perform tasks that require deep cross-
modal understanding. The development of MLLMs is seen as a crucial pathway toward more
general-purpose and adaptive Al systems [54].

The typical MLLM architecture is composed of three key modules [54]:

e Modality Encoders (the senses): These are specialized, pre-trained models that serve
as the sensory organs of the model. Each encoder is responsible for a specific modality;
for example, a vision encoder processes images, while an audio encoder processes sound
waves. These encoders receive raw sensory signals and transform them into high-level
feature representations.

e Modality Interface/Adapter (the interpreter): This is arguably the most critical and
actively researched component of the MLLM architecture. The adapter’s function is
to serve as an interpreter, aligning the different modalities by translating the feature
representations generated by the encoders into a "language" or format that the LLM
"brain" can comprehend. The effectiveness of this translation is paramount to the
overall performance of the model.

e LLM Backbone (the brain): At the core of the MLLM is a powerful, pre-trained LLM.
This LLM does not perceive the world directly. Instead, it functions as the central
reasoning engine of the system. It receives the processed feature representations from
the various modality encoders and uses its vast parametric knowledge to understand
the multimodal input, follow instructions, and generate a coherent output.

2.2 Research Method

The current section details the systematic research approach undertaken to identify and
analyze relevant literature. It includes the research questions, search queries, eligibility cri-
teria, and the data collection process. The findings provide a foundation for the subsequent
analysis of case studies and their steps in industrial video summarization.

2.2.1 Research Questions

To guide the systematic review, the following research questions were formulated:

e RQ-1: What are the methods for applying LLMs and MLLMs to video summarization
tasks, such as video captioning and cognitive assistants?

e RQ-2: Do existing pre-trained models performing approaches such as few-shot video-
language processing, unsupervised language-guided summarization, and zero-shot video
understanding help circumvent the need to train them?

e RQ-3: What datasets exist for industrial human action recognition and machine op-
eration validation?
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2.2.2 Data Source and Search Queries
Data Source

Google Scholar! was selected as the primary data source due to its comprehensive aggrega-
tion of academic libraries, journals, and publications. It provides access to a diverse collection
of reviewed articles, conference papers, and other scholarly materials, making it a reliable
and extensive resource for state-of-the-art researches.

Search Queries

The search queries were meticulously designed to capture a wide range of relevant literature
for each research question.

RQ-1 and RQ-2

multimodal summarization
OR ((few-shot video—-language
OR unsupervised language—-guided video summarization
OR multimodal large language models
OR zero-shot video understanding)
AND (video captioning
OR cognitive assistant
OR video—understanding tasks))

Listing 2.1: Research query for RQ-1 and RQ-2.

RQ-3

intitle:dataset

AND industrial context

AND multimodal

AND (human action recognition
OR human-robot
OR human—-machine)

AND (temporal
OR procedural)

Listing 2.2: Research query for RQ-3.

2.2.3 Eligibility criteria
RQ-1 and RQ-2

Inclusion Criteria:

e Reviewed articles and conference papers published later than 2022, motivated by the
release of ChatGPT in that year, which triggered a dramatic shift in Al research.

e Studies focusing on multimodal summarization, LLMs and MLLMs.
Exclusion Criteria:
e Articles not written in English.

e Studies lacking sufficient experimental or methodological details.

'https://scholar.google.com/ (accessed 2025-06-29)
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RQ-3
Inclusion Criteria:

e Reviewed articles and conference papers published later than 2020.
Exclusion Criteria:

e Articles not written in English.

e Studies lacking sufficient experimental or methodological details.

2.2.4 Data Collection Process

The data collection process closely followed the PRISMA guidelines to ensure a systematic
and transparent review. The process involved three key steps.

1. ldentification: Conducting searches using the predefined queries in Google Scholar.

2. Screening: Filtering the results based on titles and abstracts to exclude irrelevant and
duplicated studies; and assessing the full text of selected studies against the inclusion
and exclusion criteria.

3. Inclusion: Finalizing the selection of studies for analysis and inclusion in the review.

Figure 2.1 depicts the systematic flow for gathering papers to address RQ-1 and RQ-2.

Identification of studies via databases and registers

s Records removed before
= screening:
3 Records identified from: » Records marked as ineligible
£ Google Scholar (n = 305) by automation tools (n = Q)
s Records removed for other
= reasons (n = 32)
—
v
Records screened »| Records excluded
(n=273) (n =268)
) '
£ .
o Reports sought for retrieval _ Reports not retrieved
L (n=5) n=0)
Q
w
L
Reports assessed for eligibility o| Reports excluded:
(n=5) © Irrelevant (n = 0)
—
S l
H Studies included in review
|| (=9
I} Reports of included studies
£ (n=5)
—

Figure 2.1: Systematic flow for RQ-1 and RQ-2 papers gathering.
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Figure 2.2 depicts the systematic flow for gathering papers to answer RQ-3.

Identification of studies via databases and registers

)
s Records removed before
= screening:
3 Records identified from: » Records marked as ineligible
£ Google Scholar (n = 696) by automation tools (n = 0)
S Records removed for other
2 reasons (n = 102)
—
Y
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_ '
= )
5 Reports sought for retrieval —  » Reports not retrieved
o (n=6) n=0)
(%]
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Y
Reports assessed for eligibility | Reports excluded:
(n=8) g Irrelevant (n = 0)
—
oy l
5 Studies included in review
= (n=86)
© Reports of included studies
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—

Figure 2.2: Systematic flow for RQ-3 papers gathering.

2.2.5 Results

The most relevant case studies and datasets identified through the systematic review are
detailed in Chapter 3. Table 2.1 summarizes the key papers resulting from the research. In
addition, a snowballing approach was employed to identify further references cited through-
out the document.

Table 2.1: Research method results.

Research Questions Papers
RQ-1, RQ-2 [4], [49], [48], [3]. [42]
RQ-3 [7]. [38]. [34]. [5], [58]. [52]
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Chapter 3

State of the Art

This Chapter presents a review of recent case studies and their approaches and methodolo-
gies, derived from the output papers of the research method, addressed in Section 2.2. It
emphasizes the pipeline steps, approaches, and techniques integrated in the case studies,
and discusses the available datasets to evaluate the prototype.

3.1 Case Studies and Applications

The development of a robust video summarization system hinges on understanding existing
approaches and their implementation in similar contexts. In this section, we delve into
notable studies that employ pipelines similar to the one aimed to do. The main objective
of analyzing these case studies is to uncover the steps and technologies that have proven
effective in addressing the challenges of structured video summarization.

Each case study is examined for its pipeline structure, detailing the key steps. The insights
drawn from these applications will inform critical steps, ensuring that the proposed system
follows best practices.

Five studies were chosen and they are presented in Table 3.1. These studies were the output
of the research method described in Section 2.2. They approach video summarization as a
structured pipeline, which closely matches the methodological requirements of our project.

Table 3.1: Output studies from research method. We assigned the name
AVIWT for ease of reference throughout the document, as the original authors
did not provide an official name.

Paper Title Framework | Source | Year
Name

MISAR: A Multimodal Instructional System with Aug- MISAR [4] 2023

mented Reality

Language Models with Image Descriptors are Strong VidIL [49] 2022

Few-Shot Video-Language Learners

M3SUM: A Novel Unsupervised Language-guided Video M3SUM [35] 2024

Summarization

A Video Is Worth 4096 Tokens: Verbalize Videos to AVIWT [3] 2023

Understand Them in Zero Shot

XaiR: An XR Platform that Integrates Large Language XaiR [42] 2024

Models with the Physical World
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3.1.1 MISAR (2023)

The MISAR system [4] uses Augmented Reality (AR) to enhance task performance through
multimodal integration of visual, auditory, and linguistic data. The core innovation lies
in its use of an LLM (GPT-3.5-Turbo) to process and integrate data streams, enabling
contextual understanding and real-time user assistance. This approach is particularly aimed
at task quantification and error correction in AR environments.

e Frame Sampling: To align with real-time requirements, captions are generated for
every 8 frames, based on a 30 fps video stream, balancing computational efficiency
with output quality.

e Frame-by-frame Captioning: Video frames are processed using LaVilLa, a pre-trained
video-to-text model that generates descriptive captions for each frame.

e External Content Integration: MISAR incorporates additional content by combining
recipes documentation and GPT-3.5-Turbo’s inferential capabilities. This step ensures
the outputs are adapted to the user’s current state and task.

3.1.2  VidIL (2022)

VidIL [49] is a system that uses large-scale pre-trained language models alongside image-
language models to perform video-to-text tasks with minimal supervision. The approach is
particularly suited for few-shot learning scenarios, requiring no pre-training or fine-tuning on
video datasets. VidIL excels in tasks such as video captioning and question answering, by
utilizing a representation of videos that integrates spatial and temporal information.

e Frame Sampling: To reduce computational complexity, frames are sparsely sampled,
typically selecting four for frame-level analysis and eight for visual tokenization. This
ensures that essential visual features are captured while maintaining efficiency.

e Frame-by-frame Captioning: Frame captions are generated using BLIP, a pre-trained
image-language model. BLIP provides both descriptive and filtered captions for each
sampled frame.

e Object Detection: Visual tokens, including objects, are extracted using CLIP, a mul-
timodal contrastive model. CLIP retrieves the most relevant textual descriptors for
each frame.

e Temporal Awareness: Temporal markers such as "First", "Then", and "Finally" are
injected into prompts to structure frame-level captions and visual tokens in a coherent
sequence. This enables the system to interpret temporal dynamics effectively.

3.1.3 M3SUM (2024)

M3SUM [48] introduces an unsupervised approach to language-guided video summarization,
which avoids the need for training data and complex feature alignment models. The system
utilizes off-the-shelf models to convert multimodal video data (frames and audio) into textual
descriptions, which are then processed by an LLM for generating video summaries based on
the highest score frames.

e Frame Sampling: The authors adopted a sampling strategy of captioning one frame
every 2 seconds to capture key visual information throughout the video.
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e Frame-by-frame Captioning: The visual content of each video frame is processed using
ViT-GPT2, an image-to-caption model. It generates detailed captions for each frame,
capturing key visual elements.

e Temporal Awareness: Each frame is associated with its corresponding transcript seg-
ment. This is done in the Algorithm 1 presented in the paper.

3.1.4 AVIWT (2023)

This work [3] introduces a novel framework that verbalizes videos into coherent textual
stories using multimodal input (visual, audio, and metadata) to enable downstream video
understanding tasks in a zero-shot setting. All textual elements (transcripts, captions, Op-
tical Character Recognition (OCR) data, and metadata) are combined into a structured
prompt for an LLM, GPT-3.5.

e Frame Sampling: Keyframes are extracted using GMFlow, an optical flow-based al-
gorithm, or uniform sampling for longer videos. This ensures efficient processing by
selecting frames that represent the video's major events or scenes.

e Frame-by-frame Captioning: Each selected keyframe is processed with the BLIP-2
model to generate captions describing the scene.

e Object Detection: BLIP-2 additionally performs object recognition to identify and
label distinct elements within each frame, such as characters, items, or environmental
features using prompts like "Describe the objects in this image".

e External Content Integration: Metadata, including video titles, channel names, and
related information, is retrieved via Application Programming Interfaces (APIs) and
Wikidata.

3.1.5 XaiR (2024)

XaiR [42] is a platform that integrates MLLMs with Extended Reality (XR) to enable in-
telligent task guidance. XaiR facilitates step-by-step task instruction, object detection, and
AR content placement. The system is built on a split-architecture design, where heavy
computational tasks are offloaded to a server while XR headsets handle real-time spatial
interactions. This balance enables resource-efficient operation for complex tasks such as
object manipulation and environment understanding.

e Frame Sampling: Egocentric video frames are sampled at a rate of one frame per
second to reduce data transmission and computational load.

e Frame-by-frame Captioning: Selected frames are processed by GPT-4V or Video-
LLaVA to generate descriptive summaries. These captions highlight key actions, ob-
jects, and interactions occurring in each frame.

e Object Detection: Ferret, a vision-language model, identifies and localizes objects in
the sampled frames. The model returns 2D coordinates of detected objects, which
are later projected into a 3D environment using headset-generated world meshes.

e External Content Integration: The system enhances its multimodal input by incor-
porating 3D world mesh data generated locally by the XR headset. Camera pose
information and 3D projections of object coordinates ensure spatially accurate AR
overlays.
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e Temporal Awareness: Frames are tagged with timestamps and camera pose informa-
tion for accurate spatial mapping during subsequent stages.

Through the previous analysis, the key steps were identified. These are summarized in
Table 3.2.

Table 3.2: Comparison of steps across different approaches.

Feature MISAR | VidIL | M3SUM | AVIWT | XaiR
Frame Sampling
Frame-by-frame Captioning
Object Detection

External Content Integration
Temporal Awareness

Rl N RaIA VAN
ANRIANA VAN
ANR IR IR NAN
R IR YA YA VAN
ANANANANAN

3.2 Steps in Video Summarization Frameworks

Informed by the feature analysis and the specific needs of real-world scenarios, a draft pipeline
for video summarization is shown in Figure 3.1. This pipeline combines the most relevant
steps observed across the studied systems.

Frame-by-frame
Captioning

Frame Sampling — El = \ Summaries and
and Selection @ warnings

Key frames Prompt
Video Object Detection

Temporal Awareness

Additional Context
Integration

Temporal markers can make a language model understand
fine-grained temporal dynamics in video events

Figure 3.1: Draft pipeline with most common steps in video summarization
frameworks.

The video analysis pipeline begins with Frame Sampling, which selects representative frames
from the video while maintaining computational efficiency. These sampled frames are then
passed through a Captioning process, where detailed captions are generated for each frame.
This step is supported by Object Detection, which enhances frame-level understanding by
identifying and labeling significant elements within the scene. To capture the dynamics
of the video over time, Temporal Awareness is introduced, adding temporal markers that
track changes and motion. Context Integration further enriches the pipeline by incorporating
metadata or other relevant external inputs, thereby improving overall video comprehension.

The following subsections present the state-of-the-art approaches used in each of these key
components across the systems studied.
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3.2.1 Frame Sampling

A video consists of a sequence of frames, making both spatial details and temporal rela-
tionships essential for accurate recognition. Unlike neatly trimmed clips, untrimmed videos,
such as those of people operating machinery, present a greater challenge, as not all frames
consistently align with the context. Also, feeding a model with all the frames of a video is
a sort of brute force and introduces a much unnecessary computation burden [50]. There-
fore, the challenge of identifying relevant frames, clips, or segments within a video has been
explored for various applications. For instance, video summarization involves producing a
significantly shorter version of the original video by combining a select set of snippets that
capture the most informative or thrilling moments [24]. That's where sampling (or frame
selection [13]) comes in. Sampling involves selecting a subset of the more "important"
frames from a video. This process is crucial because video data volumes are typically too
large to process in full, making it necessary to work with a smaller, representative subset of
data [18]. Various sampling strategies are discussed in the literature [18].

AdaFrame [20] combines Reinforcement Learning (RL) with a Long Short-Term Memory
(LSTM), enabling context-aware frame selection. For each frame, it decides if the frame
helps in identifying what's happening. It uses the LSTM to keep track of the context so it
can make smarter decisions about what frames to view next. The agent calculates if it's
worth looking at more frames or if it has enough information already.

FastForward [11] adopts an end-to-end RL setup with two sub-networks: an adaptive stop
network, which decides whether to continue or halt frame sampling, and a fast-forward
network, which includes several actions for moving backward or forward by various time
intervals. For example, it may start skipping parts with little action or go back to replay
important moments. The RL agent learns to skim through the video efficiently.

FrameGlimpse [53] operates on the idea that action detection relies on iterative observation
and refinement. Their method uses an RNN-based agent to select where to look next. Based
on its confidence level in the current frame, the agent may emit a prediction or choose to
observe additional frames.

Multi-agent RL [50] treats frame sampling as multiple, parallel Markov decision processes (a
fancy way of saying each action depends only on the current state, not the whole history),
where agents work together, refining frame selection over time. A context-aware observation
network models context between agents and historical agent states, while a policy network
provides a probability distribution over possible actions.

SCSampler [24] offers a lightweight clip-sampling approach, selecting the most salient tem-
poral clips directly from compressed video features and incorporating audio data for context.
This approach is well-suited for untrimmed videos but has also shown results with the Ki-
netics dataset, where audio is available as an extra input.

Attention Aware Sampling [10] employed an RL agent with attention mechanisms to discard
irrelevant frames, treating the frame selection as a Markov decision process and training the
agent without additional labels.

Although these methods have shown strong performance, they primarily address untrimmed
videos, which contain substantial unnecessary data that is easier to filter out. However,
SCSampler has also been tested on trimmed datasets such as Kinetics.
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3.2.2 Frame-by-frame Captioning

Translating visual content into natural language descriptions is a fundamental component in
computer vision, with diverse practical consequences [51]. Recent advancements in MLLMs
have introduced innovative approaches to frame-by-frame captioning. These methods are
not only capable of generating detailed captions but also incorporate temporal and multi-
modal awareness, making them highly relevant to scenarios where understanding sequential
events is needed.

MISAR [4] approaches the frame captioning step through a two-stage process that combines
a pre-trained video-to-text model with an LLM for refinement. Initially, they use the LaV-
iLa model, which has been pre-trained on the Ego4D dataset, to convert egocentric video
footage into textual descriptions. This model generates a sentence approximately every eight
frames of video, aligning with human perceptual latency to ensure the system can operate
in real-time, particularly within the constraints of physical augmented reality environments.
However, the authors recognize that captions generated by LaVilLa can be noisy or lack
sufficient contextual grounding. To address this, they incorporate GPT-3.5-turbo to refine
the raw captions. By integrating contextual information such as recipe instructions and the
specific task environment, GPT-3.5-turbo enhances the informativeness of the generated
text. This dual-step captioning enables the system to deliver context-aware descriptions
without requiring additional domain-specific training.

In VidIL [49], the authors begin by performing sparse frame sampling. Each sampled frame
Is then passed through a pre-trained image-language model, namely BLIP, which generates
descriptive frame-level captions. The BLIP model is not just used for captioning but also
incorporates a filtering mechanism to ensure that only relevant or high-confidence captions
are retained. This process captures static visual semantics but does not yet model the
temporal relationships between events across frames. To address this, the authors further
enhance the frame captions by integrating them into a temporal-aware prompt ("First,"
"Then," and "Finally,") so that a downstream model can interpret and reason over the
sequence of frame-level semantics. Thus, the frame captioning in VidIL serves as a crucial
mid-level step: it transforms raw visual input into coherent, temporally ordered text that
can be composed - along with object, event, and attribute descriptors - into prompts for
higher-level video understanding tasks such as captioning and question answering.

In the XaiR system [42], the frame captioning process serves as a foundational step in the
automatic generation of task instructions from egocentric video data. To initiate this pro-
cess, a user wears a head-mounted device and performs a given task while the system records
a continuous video stream. This video is then segmented into discrete 10-second intervals,
and one image frame per second is sampled from each segment to represent the temporal
dynamics of the activity. These frames are subsequently input into an MLLM, such as GPT-
4V or Video-LLaVA, along with a structured prompt designed to elicit a concise summary of
the depicted actions. The prompt contextualizes the frames as egocentric visual input and
explicitly requests a two-sentence description of the activity occurring within the segment.
The MLLM processes this input and generates a textual summary that encapsulates the key
actions observed during that portion of the video.

The AVIWT framework [3] begins by sampling representative frames the video. The selected
frames are then passed through a pre-trained BLIP-2 model to generate captions. BLIP-2
is prompted in two distinct ways: one prompt asks for a general caption describing what is
happening in the image, while the other focuses on identifying the objects present in it. These
dual prompts ensure that both the overall scene and specific visual elements are captured
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in the frame-level textual descriptions. The resulting captions contribute to a multimodal
textual representation of the video, which also includes audio transcriptions (from automatic
speech recognition) and on-screen text (via OCR). These elements are concatenated and
used to prompt an LLM, such as GPT-3.5, Flan-T5, or Vicuna, which generates a coherent,
narrative-style story that verbalizes the entire video.

Captioning Models

The techniques previously mentioned use various MLLMs for frame captioning. Here, we
detail some of the most recent and powerful.

GPT-40 [32] by OpenAl, introduced as an "omni model", is designed to handle a combination
of text, audio and image inputs, and generate text, audio, and image outputs within a
single, unified neural network. Its end-to-end training across different modalities allows for
more natural human-computer interaction. For video understanding, its ability to process
sequences of frames enables it to perform video captioning with a deeper understanding of
the temporal context.

GPT-4.1' by OpenAl focuses on enhancing performance for real-world developer applica-
tions, with significant gains in instruction following. While building on the multimodal capa-
bilities of its predecessors, GPT-4.1 offers a much larger context window of up to 1 million
tokens, which is particularly beneficial for analyzing long video sequences where extended
context is crucial for accurate captioning and summarization. It also includes improved
long-context comprehension, allowing it to more effectively utilize the information within
this expanded window.

Gemini 2.0 Flash® by Google is optimized for high-volume, cost-efficient tasks that require
fast performance. It is an MLLM that can process text, code, images, audio, and video
to generate text-based outputs. This makes it well-suited for applications that need to
quickly generate captions or descriptions for a large number of video frames. While it is
a more lightweight model, it still benefits from the advanced reasoning and multimodal
understanding capabilities of the broader Gemini family.

Gemma 3 [44] family of models by Google introduces vision understanding capabilities to
the lightweight, open-model Gemma series. Ranging from 1 to 27 billion parameters, these
models are designed to run on a variety of hardware, from mobile devices to high-end Graphics
Processing Units (GPUs). The multimodal versions of Gemma 3 integrate a SigLIP [56]
vision encoder, enabling them to process image inputs and generate descriptive text. This
makes them a strong candidate for frame-by-frame captioning tasks.

LLaVA3 is an open-source MLLM built by fine-tuning LLaMA with vision encoders. It is
capable of producing high-quality image-based captions and answering image-related ques-
tions. Though not the most advanced in vision fidelity, LLaVA provides good performance
in controlled environments, such as industrial simulations, making it ideal for academic or
low-resource use.

"https://openai.com/index/gpt-4-1/ (accessed 2025-06-29)

*https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-0-flash (accessed
2025-06-29)

*https://1lava-vl.github.io/ (accessed 2025-06-29)
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3.2.3 Object Detection

While certain state-of-the-art models offer end-to-end frame captioning, integrating object
detection as a distinct step in the pipeline may bring several advantages. Object detection
stands as one of the most essential and challenging tasks in computer vision [23]. Its main
goal is to identify visual objects from specific classes, such as machines, tools, and humans,
locate them with bounding boxes, and categorize them according to their respective classes
[60]. The evolution of object detection can generally be divided into two phases: before
2014, when traditional methods were predominant, and post-2014, when deep learning-based
approaches became the standard [60]. The architectures from each phase differ significantly
in terms of accuracy, speed, and hardware requirements. Compared to traditional tech-
niques, Convolutional Neural Networks (CNNs) offer a more advanced architecture and are
considerably more expressive in capturing complex patterns [39].

You Only Look Once (YOLO) YOLO is among one-stage object detection methods.
The algorithm is recognized as one of the leading due to its remarkable balance of speed
and accuracy. Its wide-ranging applications across various fields and industries have made it
an essential tool in modern object detection tasks [19]. Each new version has architectural
improvements and optimizations that have established YOLO as a leading model in one-
stage object detection. The latest iterations of YOLO, including versions YOLOv8 through
YOLOL11, are the vanguard of the model's advancements.

YOLOvV8 [40] bring in semantic segmentation, enabling pixel-level classification, alongside
scalable model versions that adapt to diverse environments, from resource-limited devices
to high-performance systems. It also expanded functionality to tasks like pose estimation,
image classification, and oriented object detection.

Building on these enhancements, YOLOV9 [47] added Generalized Efficient Layer Aggrega-
tion Network (GELAN) to enhance layer connectivity, further boosting model efficiency and
accuracy, and Programmable Gradient Information (PGI) to optimize gradient flow during
training.

Developed by Tsinghua University, YOLOv10 [46] took a unique approach by eliminating
Non-Maximum Suppression (NMS) in favor of a dual-assignment strategy, improving object
localization without redundant bounding boxes. It also introduced innovations like spatial-
channel decoupled downsampling, and a rank-quided block design, making it exceptionally
efficient.

The latest version, YOLO11 by Ultralytics [45], retains the versatility of YOLOVS in pose
estimation, instance segmentation, and oriented object detection. YOLO11 replaced the C2f
block with the C3k2 block to enhance performance while maintaining speed. Additionally, the
new Cross Stage Partial with Spatial Attention (C2PSA) module improves spatial attention,
especially beneficial for detecting small and overlapping objects, thus boosting accuracy.

Each of these improvements underscores the rapid evolution of the YOLO architecture,
cementing its role across various applications.

3.2.4 External Content Integration

The creation of effective summarization models for all scenarios is blocked by the diversity
in user expectations and what they consider a good summary. Overcoming these issues
calls for persistent research and innovative approaches, prioritizing advancements in model
design, training strategies, and evaluation [26]. Considering this, it is important to explore
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methods of incorporating domain-specific context into downstream models to increase the
quality of summaries. Some approaches are presented below.

Pre-training

Pre-training serves as a foundational approach that typically works alongside fine-tuning
for downstream applications. In this process, model parameters are trained on predefined
tasks to learn key characteristics, structural patterns, and contextual information. These
pre-trained features support downstream tasks by offering rich information and accelerating
the model's convergence [59]. There are five types of pre-training methods [22].

Pre-training from Scratch (PTS) involves training transformer-based language models like
BERT [9], ELECTRA [6], and T5 [33] from the ground up on large volumes of unlabeled text.
These models typically include embedding layers, transformer encoder and/or decoder layers,
all of which are initialized randomly and trained during pre-training to minimize losses from
tasks like Masked Language Modeling and Next Sentence Prediction. PTS is computationally
intensive and demands significant resources, such as multiple GPU.

Continual Pre-training (CPT) initializes a model from existing pre-trained models and adapts
it to specific domains or tasks by further pre-training. It avoids the computational cost
of training from scratch, making it more efficient. However, it struggles with domain-
specific vocabulary, leading to suboptimal performance when the domain contains many
unique terms. A solution is incorporating new vocabulary during pre-training, as seen in
models like RUBERT [25] and PortugueseBERT [41].

Simultaneous Pre-training (SPT) is designed for domains with limited domain-specific text.
It trains models using a mix of general and domain-specific text, ensuring a balanced vo-
cabulary through upsampling of domain-specific data. This method prevents overfitting
while adapting models to specialized domains. SPT is particularly useful for resource-limited
domains and languages where large datasets are unavailable.

Task Adaptive Pre-training (TAPT) focuses on task-specific adaptation by pre-training mod-
els on small amounts of task-related unlabeled text. This approach is less expensive and com-
plements other methods like PTS or CPT, enhancing performance further when combined.
It uses lightweight techniques like VAMPIRE [14] to extract additional data.

Knowledge Inherited Pre-training (KIPT) combines self-supervised learning and knowledge
distillation to train models, reusing knowledge from existing pre-trained models (teacher
models). Unlike traditional distillation, KIPT often involves a larger student model that
learns both from the teacher and the pre-training corpus. This dual learning process ac-
celerates convergence and improves performance while reducing training costs compared to
self-supervised learning alone. KIPT supports lifelong learning and knowledge transfer, with
CPM-2 [57] as a notable example of its application.

While pre-training methods provide a robust foundation for downstream tasks, they are
inherently resource-intensive, requiring substantial computational power, extensive data, and
significant time investments. Fortunately, there are more alternatives.

Fine-Tuning

Improving the performance of LLMs on unfamiliar tasks and datasets often relies on fine-
tuning. However, as models grow in size (1.5 billion parameters in GPT-2 to 175 billion
in GPT-3) traditional fine-tuning approaches become increasingly impractical [15]. These
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methods demand enormous computational resources, such as thousands of GPUs running in
parallel, making them inefficient and unsustainable. To overcome this challenge, researchers
have embraced a smarter alternative: tweaking only a small fraction of the model's pa-
rameters while leaving the rest untouched. This approach is known as Parameter-Efficient
Fine-Tuning (PEFT). It minimizes computational demands without sacrificing performance
by focusing on the parts of the model that matter most for adaptation [15]. Similar break-
throughs have been seen in the world of vision and multimodal models. These large-scale,
pre-trained models excel at transferring their learned knowledge from massive datasets to
smaller or specialized ones. This cross-domain flexibility has made PEFT techniques increas-
ingly appealing to researchers across disciplines [15]. PEFT methods generally fall into four
categories: additive, selective, reparameterized, and hybrid [15].

Additive Fine-Tuning adds tunable components to the existing model structure, such as
adapters or soft prompts. These additions modify the model's behavior without altering its
core parameters.

Selective Fine-Tuning, instead of adding new components, carefully selects a subset of the
model’s parameters to adjust while leaving the majority unchanged. It can be further divided
into two types. Unstructured Masking: chooses parameters individually; and Structured
Masking: selects groups of parameters in a more organized way.

Reparameterized Fine-Tuning reimagines the model’s parameters by introducing low-rank,
trainable components during training. Once the model is fine-tuned, these components
integrate seamlessly into the original structure. Two popular strategies in this category are:
Low-rank Decomposition and Low-Rank Adaptation (LoRA) [17].

Hybrid Fine-Tuning combines elements from different PEFT approaches, using their unique
strengths to optimize results.

Retrieval-Augmented Generation (RAG)

This method improves machine learning models by retrieving relevant information from exter-
nal knowledge bases using semantic similarity. This approach helps reduce factual inaccura-
cies in generated content [12]. RAG's integration into machine learning models has led to its
widespread use, making it a pivotal technology for chatbots and other real-world applications.
Research on RAG focuses on enabling LLMs to handle more complex, knowledge-intensive
tasks during inference, driving rapid advancements in the field [12]. The RAG's research
progression is categorized into three stages: Naive RAG, Advanced RAG, and Modular RAG
[12].

Naive RAG is an early methodology that gained attention with the rise of ChatGPT. Its
process - indexing, retrieval, and generation - is often described as "Retrieve-Read". In
indexing, raw data in various formats (PDF, HTML, Word) is cleaned, converted to text,
and segmented into smaller chunks. The chunks are encoded into vector representations
and stored in a vector database. Retrieval involves converting user queries into vector rep-
resentations, comparing them to stored vectors, and retrieving the most relevant chunks.
During generation, these chunks are used to create prompts, enabling the model to gener-
ate responses that may also include multi-turn dialogue history. Despite its simplicity, Naive
RAG has significant challenges. Retrieval can lack precision, resulting in irrelevant or incom-
plete information. Generation may lead to hallucinations or bias while integrating retrieved
information often results in disjointed outputs. Redundancy and inconsistent tone further
reduce response quality.
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Advanced RAG improves upon its predecessor with enhancements in indexing, retrieval, and
context integration. Pre-retrieval optimization focuses on refining the indexing structure
and user queries using methods like query rewriting and metadata incorporation. This en-
sures better data granularity and alignment. Post-retrieval techniques like re-ranking and
context compression streamline the relevance of retrieved content, ensuring that only critical
information is used in generation. Tools like Llamalndex* and LangChain® exemplify these
innovations by addressing information overload and emphasizing key sections.

Modular RAG represents a leap in adaptability and modularity. It introduces specialized
components, such as a Search module for advanced searches across diverse data sources,
a Memory module for iterative context enhancement, and a Task Adapter module for task-
specific retriever customization. Additionally, Modular RAG introduces new patterns like
Rewrite-Retrieve-Read, which refines query generation, and Generate-Read, where LLMs
produce content directly. Flexible module configurations (e.g., Demonstrate-Search-Predict)
enhance interaction between components. Its ability to incorporate fine-tuning and RL makes
it highly versatile, combining retrieval and adaptation for diverse scenarios.

Prompting

Prompting has been a key technique for leveraging the capabilities of LLMs in various tasks.
Prompting directly exploits pre-trained models by framing tasks as natural language instruc-
tions, often referred to as prompts, which guide the model to produce desired outputs [27].
This paradigm is particularly powerful because it enables zero-shot and few-shot learning,
allowing models to adapt to new tasks with minimal labeled data [27]. The shift to the
"ore-train, prompt, and predict" paradigm marks a significant departure from the earlier
"pre-train and fine-tune" framework. [27] In this newer paradigm, tasks are reformulated
using textual prompts to align with the pre-training objectives of the LLMs. This allows
models to generate outputs directly relevant to downstream tasks without additional super-
vised training [27]. For example, in NLP, prompts can take the form of masked tasks (e.g.,
"The capital of Portugal is [MASK]") or open-ended questions (e.g., "What is the capital
of Portugal?"). Studies have shown that the effectiveness of prompting depends heavily
on the design of the prompts themselves. Specifically, open-ended prompts often outper-
form restrictive prompts in diverse tasks, as they align more closely with the probabilistic
text-generation capabilities of LLMs [1].

Despite its advantages, prompting is not without challenges. Small variations in prompt
wording can lead to significant differences in model performance, a phenomenon known as
"prompt brittleness" [1]. Additionally, creating effective prompts often requires substantial
manual effort and domain expertise. To address this, techniques such as automated prompt
generation [21] and aggregation of multiple imperfect prompts [29] have been explored.
These methods aim to reduce the reliance on human intervention while improving model
reliability [1].

Zero-Shot, One-Shot, and Few-Shot Learning Prompting is closely linked to the con-
cepts of zero-shot, one-shot, and few-shot learning, which describe how effectively a model
can generalize to new tasks with varying amounts of task-specific examples.

*https://www.llamaindex.ai/ (accessed 2025-06-29)
*https://www.langchain.com/ (accessed 2025-06-29)
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Zero-shot learning refers to the ability of a model to perform a task it has never seen before
using only a natural language description of the task or a relevant prompt. This capability
arises from the extensive pre-training of machine learning models on diverse and massive
datasets, enabling them to transfer knowledge from related contexts to unseen tasks. For
instance, an LLM can answer questions about an unseen topic simply by being prompted
with a well-crafted question template [27, 1].

One-shot learning extends this paradigm by providing the model with a single example of
the task. The model uses this example, often presented within the prompt, as a guide to
adapt its behavior. For example, to classify text, the prompt might include a single labeled
example along with the query text to signal the desired format and reasoning process [27].

Few-shot learning builds on this idea by including a small number of labeled examples (typi-
cally fewer than 10) within the prompt. These examples serve to further clarify the task and
improve the model’s performance by providing more context. Research has shown that as
the number of examples increases, the accuracy of predictions improves, although the gains
diminish after a certain point [1]. Few-shot learning strikes a balance between the zero-shot
scenario, which requires no task-specific data, and fully supervised learning, which demands
extensive labeled datasets.

3.2.5 Temporal Awareness

Unlike static images, which capture objects, attributes, and events in a single moment,
videos add a temporal dimension that reveals changes in the state of objects, actions, and
events over time. Therefore, to accurately support video-level descriptions and queries, it's
essential to capture both the content and the sequential flow of information over time [49].

Wang et al. [49] introduced a technique that uses a temporal-aware hierarchical representa-
tion and innovative prompting strategies. The videos are decomposed into three semantic
levels to handle temporal aspects effectively. They perform a structure-aware visual tok-
enization, extracting fine-grained details such as objects, events, and attributes from sam-
pled frames. Each frame undergoes caption generation. The captions provide a snapshot of
individual moments in the video. While static in nature, this level captures granular temporal
points, forming a foundation for temporal reasoning when aggregated. This level aggregates
the visual tokens and frame captions into a single representation, incorporating temporal
markers to encode the sequence and progression of events. These markers introduce explicit
temporal ordering, enabling the language model to reason over the flow of changes in the
video. At the core of this method is a temporal-aware few-shot prompt that instructs a pre-
trained language model to understand and describe the video. The prompt explicitly encodes
the order of events and states with natural language phrases like "First" "Then" and "Fi-
nally". By doing this, the model is guided to recognize the sequential dependencies among
frames, events, and actions, avoiding the pitfalls of treating videos as static sequences. Few-
shot examples are selected and structured to emphasize the temporal changes captured in
the hierarchical representation. The temporal-aware prompt distinguishes scenarios with dif-
ferent temporal orders (e.g., sunset vs. sunrise) by correctly interpreting the sequence of
visual elements.

Wang et al. [48] introduced a novel approach to video summarization by using textual trans-
formations and the reasoning abilities of LLMs to address temporal challenges in unsupervised
video summarization. The key of their method is converting multimodal video content into
textual representations to unify different modalities (audio, visual frames, etc.). Each frame
is processed through an off-the-shelf image-to-caption model, converting visual information
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into descriptive text captions. Audio is transcribed using a speech-to-text model, resulting
in text transcripts with associated timestamps for future alignment. Unifying all modalities
simplifies multimodal fusion while retaining key temporal and semantic information. The
framework aligns information from textual descriptions of frames and audio using an algo-
rithm that ensures temporal coherence. Then, framework selects the most relevant frames
using a knapsack algorithm to generate a concise summary. Because the start and end times
are passed to the algorithm, it preserves the temporal order of the video.

Srinidhi, Lu, and Rowe [42] addressed temporal awareness in several ways, focusing on
capturing and understanding changes over time within tasks and environments. They use
egocentric video streams, breaking these into 10-second segments to analyze and summarize
each segment using multimodal models like GPT-4V. This process guarantees that sequences
of actions are captured in their correct order. When guiding users in real-time, the system
considers two consecutive image frames to provide context about the user’s current state and
recent actions. This dual-frame approach helps the system determine if an instruction has
been completed and whether the user is on track. The prompts sent to the system's language
models include the ongoing instruction, the sequence of previous steps, and contextual
information from the video frames. The temporal continuity let the models adapt their
responses dynamically. To maintain synchronization between physical space and temporal
awareness, all data is timestamped. This guarantees that AR content, such as virtual arrows
or text instructions, is aligned accurately with the user’s position and actions over time.

3.2.6 Summarization

LLMs have been central to the video summarization process, using their NLP capabilities to
transform raw data into structured and meaningful outputs. In this project, their primary
role is to integrate information captured across all preceding steps, synthesizing it into a
cohesive format that facilitates anomaly detection. Several recent approaches demonstrate
the complexity of this task.

For instance, Wang et al. [49] utilize a large-scale pre-trained language model, specifically
GPT-3, to generate a video-level text output. This is accomplished through a temporal-
aware few-shot prompting strategy. The prompt is constructed with three main compo-
nents: an instruction that defines the task, a few-shot context containing examples, and a
task query. To ensure the language model accounts for the progression of events, textual
representations from the frame and visual token levels are aggregated and ordered chronolog-
ically, prefixed with temporal markers. This structured prompt guides the model to generate
a coherent summary without requiring any fine-tuning.

Similarly, Bhattacharya et al. [3] combine information from multiple modalities, including
video metadata, OCR text, scene captions, and audio transcripts. This aggregated textual
data is used to prompt a generative LLM (e.g., GPT-3.5, Flan-t5, or Vicuna) with instruc-
tions to write a continuous narrative based only on the provided information. To manage
the input size, especially for longer videos, the authors employ efficiency techniques such as
removing redundant frame captions and OCR outputs.

In a more specialized application, Srinidhi, Lu, and Rowe [42] use an MLLM like GPT-4V to
first generate summaries of an expert’s actions in 10-second video batches. These individual
text descriptions are then collected and passed to GPT-4, which is prompted to synthesize
them into a holistic, step-by-step instructional guide for non-experts.
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Reasoning Models

These methodologies highlight an important point: modern video summarization is not
merely a task of text aggregation but one of sophisticated reasoning. The model must
infer temporal relationships, synthesize information from disparate sources, discern and filter
redundancy, and abstract specific events into a general narrative or a structured guide. The
quality of the final output - be it a caption, a story, or a set of instructions - is therefore
directly proportional to the reasoning capability of the language model employed. Conse-
quently, selecting a summarization model for this project cannot be based on its linguistic
fluency alone; it must be based on its proven ability to perform complex reasoning. To iden-
tify the most suitable models, we turn to benchmarks designed specifically to evaluate these
advanced cognitive skills. The Graduate-Level Google-Proof Q&A Benchmark (GGPB), for
example, assesses models on questions that require deep reasoning rather than simple infor-
mation retrieval. The leaderboard from this benchmark, shown in Figure 3.2, provides an
empirical ranking of state-of-the-art models on such tasks.

0
%]
£
-
5
4
o
=
&

Figure 3.2: Best reasoning models chart, according to the Graduate-Level
Google-Proof Q&A Benchmark (GGPB), by vellum.ai.

As the figure illustrates, models like Gemini 2.5 Pro and OpenAl's o4-mini lead the rank-
ings, demonstrating superior performance on tasks that demand advanced reasoning. "This
benchmark data provides a strong rationale for selecting a top-tier reasoning model, whether
an LLM or an MLLM."
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3.3 Datasets

For production lines to effectively implement automatic quality control, the Al models must
use datasets that accurately reflect real-world conditions and operations [37]. While deep
learning has made significant advances in certain specialized areas, such as medical imaging
for cancer detection, many industrial and technical applications remain underserved [37].
The challenge lies in the limited availability of datasets across various technical domains -
from life sciences to manufacturing and industrial processes. This data scarcity has created
a notable gap in the practical implementation of Al solutions for many specialized technical
applications [37].

3.3.1 Candidate Datasets

While vision datasets for industrial applications are scarce, the following options, gathered
in Section 2.2, offer valuable features and can serve as useful complements.

The INHARD dataset [7] is designed for industrial human action recognition, particularly
within the domain of human-robot collaboration. It is notable for its emphasis on real-
world industrial environments. The dataset provides RGB video files with a resolution of
1280x720 at 30 frames per second, as well as skeletal data stored in the BioVision Hierarchy
(BVH) format. The dataset includes two main modalities. The video modality comprises
recordings from three different camera angles - top, left-side, and right-side views - which
are combined into a single RGB video stream. The skeletal modality captures data at 120 Hz
using a motion sensor that tracks 17 major body joints, offering 3D positional and rotational
information.

The HA4M dataset [5] is a multimodal dataset created to support research in human action
recognition within industrial assembly contexts. It focuses on monitoring the assembly of
an Epicyclic Gear Train by 41 subjects using a Microsoft Azure Kinect camera. The dataset
provides six synchronized data modalities: RGB images (2048x1536), aligned RGB-depth
images, depth maps, infrared frames, 3D point clouds, and full-body skeleton data comprising
32 joints with position and orientation information. The camera records at 30 FPS from a
fixed perspective in a controlled laboratory environment simulating industrial assembly tasks.
Participants performed 217 assembly trials following flexible action sequences comprising 12
distinct labeled actions. The dataset includes frame-by-frame annotations and supports
fine-grained temporal action segmentation.

Assembly101 [38] is a large-scale multi-view video dataset curated for procedural activity
understanding, specifically in the domain of toy vehicle assembly and disassembly. It fea-
tures 4321 videos totaling 513 hours of footage, capturing 362 unique assembly sequences
performed by 53 participants. The dataset includes recordings from 8 static and 4 ego-
centric RGB cameras, enabling simultaneous multi-view analysis. Assembly101 offers more
than 1 million fine-grained and 100.000 coarse action segments, annotated with start and
end times, as well as over 18 million 3D hand poses derived from egocentric views. The
recording setup simulates realistic, goal-oriented assembly tasks without fixed instructions,
introducing natural variation, mistakes, and corrections in procedural actions.

MECCANO [34] is a first-person, multimodal dataset focused on human behavior under-
standing in industrial-like scenarios. Participants were recorded building a toy motorbike
using real tools and components while wearing a custom headset equipped with an RGB
camera, depth sensor, and gaze tracker. The dataset includes 20 RGB videos (1920x1080
at 12 fps), corresponding depth maps (640x480 at 12 fps), and gaze data sampled at 200
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Hz. Rich annotations are provided for multiple vision tasks including action recognition,
egocentric human-object interaction detection, action anticipation, and next-active object
prediction.

The HA-VID dataset [58] is a comprehensive video dataset curated to advance the under-
standing of procedural knowledge in industrial assembly contexts. It focuses on capturing
realistic human assembly processes with fine-grained annotations to support both human-
robot collaboration research and vision-language understanding. The dataset records the
assembly of a Generic Assembly Box by 30 participants. The dataset provides 3222 multi-
view videos (side, front, top views) recorded at 1280x720 resolution with synchronized depth
data. Annotations include 96K temporal labels and nearly 2M spatial labels detailing subject,
action verb, manipulated object, target object, and tool. Additionally, it captures two-handed
collaboration status, pauses, and errors.

HUMM [52] is a video dataset designed to facilitate research on human movement and
trajectory prediction within smart manufacturing environments. It addresses the gap in
available datasets for analyzing human motion dynamics in factory contexts, with a particular
focus on supporting human-robot collaboration. The dataset comprises 651 video clips
captured under two different detection perspectives: Fixed Detection Perspective (FDP) and
First-Person Perspective (FPP). The videos were recorded in a controlled experimental setup
simulating a small manufacturing workshop, with participants performing both collaborative
and independent workflows. The FDP videos were recorded using static IP cameras at
1920x1080 resolution at 30 fps, while FPP videos were captured using a wearable PTZ
camera at 1920x1080 resolution at 60 fps.

Dataset Analysis for Captioning Assessment

To ensure datasets were suitable for our captioning models assessment (Section 4.3), we
established specific criteria. These criteria guided our review through the datasets gathered,
helping us select the one that could robustly support our assessment. They are detailed as
follows:

e Industrial contexts: The setting should be industrial or manufacturing environments.

e Human-machine interactions: Data should capture interactions between people and
machines.

e Not egocentric: The data should be from a fixed perspective, not a first-person point
of view.

e Open and free: The dataset must be publicly available and free to use.

e Image-question-answer pairs: The dataset needs to include images with corresponding
questions and answers (IQA triplets), going beyond simple image-class pairs.

The last criterion appears from the nature of our pipeline’'s downstream task, which involves
interpreting visual scenes through the lens of task-specific, language-based queries typical
of industrial contexts. Rather than relying on generic descriptions (e.g., "What is in the
image?"), which risk eliciting broad or biased responses, IQA triplets allow us to probe model
performance on targeted relevant tasks.
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With the establishment of these criteria, the candidate datasets were reviewed, and their
attributes were benchmarked. Table 3.3 summarizes this analysis.

Table 3.3: Evaluation of datasets against project-specific criteria.

Dataset Industrial Human- Not Open and IQA
Contexts Machine Egocentric Free Pairs
Interactions
INHARD [7] v v 4 v X
HA4M [5] v v 4 4 X
Assembly101 [38] v 4 v v X
MECCANO [34] v v X 4 X
HA-VID [58] v v v v X
HUMM [52] v v X 4 X

Unfortunately, the comprehensive analysis confirmed that no publicly available dataset fully
met our specific criteria, particularly regarding the IQA criterion. As a result, we constructed
our own dataset for evaluating captioning models. It is present on Subsection 4.3.1.

3.3.2 Video Games

Industrial simulation games can provide another valuable source of data, as they often in-
corporate realistic machinery operations and professional workflows. The Milling Machine
Simulator®, available on Steam, offers detailed milling operations, including tool selection,
and workpiece setup. A print screen of the game is shown on Figure 3.3.
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Figure 3.3: Print screen of the game "Milling Machine Simulator".

Similarly, the Lathe Machine Simulator’ (Figure 3.4) provides hands-on experience with
lathe operations, featuring realistic turning processes and cutting parameter selection.

*https://ui-games.com/milling-machine-simulation/ (accessed 2025-06-29)
"https://ui-games.com/lathe-machine-simulation/ (accessed 2025-06-29)
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Figure 3.4: Print screen of the game "Lathe Machine Simulator".

These games incorporate authentic machine interfaces and physics-based material behavior.
They can provide accessible, controllable, and repeatable environments that emulate real-
world industrial operations.

3.4 Evaluation Methods and Metrics

Evaluating the performance of text-generating systems - such as captioners and summarizers
- requires reliable and scalable methods. While human evaluation offers high-quality insights,
it is limited by cost and scalability. Therefore, automated approaches are commonly used
to approximate human judgment along dimensions like fluency, coherence, relevance, and
factual accuracy [36].

We categorize evaluation approaches into four main types: human evaluation, lexical-based
metrics, embedding-based metrics, and model-based evaluation. Each has its own set of
strengths, limitations, and typical use cases.

3.4.1 Human Evaluation

Human judgment remains the gold standard. Domain experts assess clarity, accuracy, and
relevance directly. However, manual review is labor-intensive and difficult to scale for large
datasets or rapid iterations. In the case studies, human evaluation was primarily used to
validate automated metrics.

3.4.2 Lexical-Based Metrics

Lexical metrics compare generated texts to reference outputs based on surface-level overlap.
These metrics are fast and widely adopted but often penalize valid paraphrases, missing
semantic equivalence.
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e BLEU measures n-gram precision by computing the proportion of n-grams in the gener-
ated text that appear in one or more reference texts. |t penalizes overly short outputs
using a brevity penalty. BLEU is sensitive to exact word matches, making it effec-
tive for structured tasks but less tolerant of valid paraphrasing. It was used in VidIL
[49], M3SUM [48], and AVIWT [3] to assess linguistic overlap between generated and
reference captions or summaries.

e ROUGE-L focuses on the longest common subsequence between a candidate and
a reference text. Unlike BLEU, which measures precision, ROUGE-L places more
emphasis on recall and the preservation of word order and sentence structure. This
makes it suitable for evaluating content coverage in summarization tasks. It was
applied in both VidIL [49] and AVIWT [3] to capture structural similarity.

e METEOR improves upon BLEU by aligning words based on exact matches, stemmed
forms, synonyms, and paraphrases using WordNet. [t combines both precision and
recall with a harmonic mean and includes a fragmentation penalty to reward coherent
word sequences. It was used in VidIL [49] and AVIWT [3] to better reflect human-like
similarity judgments.

e CIDEr evaluates the informativeness of a generated caption by computing a cosine
similarity between the n-grams in the candidate and a set of reference captions. It
emphasizes n-grams that are common in the references but rare overall, thus rewarding
salient, relevant content. This metric was used in both VidIL [49] and AVIWT [3] to
assess how well generated captions aligned with human descriptions.

e F1 Score is the harmonic mean of precision and recall. In M3SUM [48], it was used
to evaluate keyframe selection accuracy by comparing predicted keyframes to ground-
truth annotations in the TVSum and SumMe datasets.

3.4.3 Embedding-Based Metrics

Embedding-based metrics evaluate semantic similarity via vector representations. They cap-
ture meaning beyond surface form.

e BERTScore computes contextual similarity using pre-trained embeddings. It was used
in M3SUM [48] to assess how well captions and frame descriptions aligned with user
queries.

e Perplexity, an intrinsic language modeling metric, measured textual coherence in M3SUM'’s
multimodal summaries [48].

3.4.4 Model-as-a-Judge

An emerging trend uses reasoning models to evaluate generated content. Instead of com-
paring to reference outputs, models are prompted to assess quality along axes like fluency,
relevance, or factuality [55, 28]. This approach addresses key limitations of traditional
evaluation methods, such as dependency on scarce, expensive human annotations or brittle
automatic metrics like BLEU and ROUGE that fail to capture semantic adequacy or nuance.
Since reasoning models can be reused across tasks and domains with minimal reconfigura-
tion, this method reduces the need for task-specific evaluation pipelines and large sets of
reference outputs, enabling more scalable and consistent benchmarking across diverse NLP
applications.
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Chapter 4

Design

This chapter transitions from the theoretical groundwork and literature review to the design
of our empirical framework. The following sections detail the systematic approach adopted to
develop the pipeline architecture and the candidate captioning models assessment strategy.

4.1 Methodology

The design methodology for this project follows a structured, two-pronged approach, as
illustrated in Figure 4.1.

4.2. Pipeline

I Architecture

includes |
4. Design —{ imposed

includes

4.3. Captioning ) 4.3.1. New 4.3.2. Assessment
—imposed =+ . ~=supports=»
Models Assessment Dataset Modeling Method

Figure 4.1: The systematic methodology adopted for the design phase of

the project. The process includes the parallel development of the pipeline

architecture and a required model assessment workflow, which involves a
new dataset modeling and the creation of an assessment method.

The primary focus is on the development of the overall pipeline architecture which led to a
rigorous captioning models assessment. The assessment of captioning models was identified
as a critical prerequisite, as the quality of generated frame descriptions directly impacts
the entire system’s performance. This generated a systematic sub-process that began with
establishing a list of criteria to identify suitable evaluation datasets.

A deeper dataset analysis, made in Subsection 3.3.1, revealed that no existing datasets
met the specific needs of this project, particularly the requirement for IQA triplets in an
industrial context. Consequently, it was necessary to undertake a new dataset modeling
strategy, creating a custom dataset structured around specific categories and capabilities
relevant to industrial tasks. This custom dataset forms the backbone of the assessment
method to evaluate the performance of different captioning models.
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4.2 Pipeline Architecture

The proposed pipeline architecture is a modular framework designed to process video data in
a manner that is both computationally efficient and effective for structured summarization.
Drawing inspiration from the case studies analyzed in Section 3.1, the system is engineered
to handle video in chunks, simulating a real-time scenario. This is achieved through parallel
processing of video segments, ensuring that the analysis can keep pace with ongoing opera-
tions. The architecture follows the logical flow presented in Figure 4.2 and is composed of
several specialized modules, each responsible for a distinct phase.
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Figure 4.2: Overview of the designed data processing pipeline, illustrating the
sequential flow from video ingestion to summarization.

4.2.1 Pipeline Breakdown

The pipeline is deconstructed into its constituent modules, each addressing a distinct stage
of the data processing workflow. The following sections detail each component’s function
in sequential order, from initial video input to the final structured output.

Chunks Decode and Frames Selection

The pipeline begins by ingesting a video file and decoding it into manageable segments.
Instead of processing the video as a single monolithic entity, it is divided into chunks. This
segmentation is crucial for managing memory and enabling parallel processing. Within each
chunk, a content-aware frame sampling strategy is employed to select only the most infor-
mative frames: we call them "keyframes". This addresses the challenge of computational
burden associated with processing every single frame of a video. The selection is not based
on a fixed interval; instead, it utilizes the Structural Similarity Index Measure (SSIM) [31].
A frame is selected as a keyframe only if its visual content differs significantly from the
previously selected keyframe, determined by an SSIM score falling below a threshold. This
method ensures that redundant frames are discarded while frames capturing significant visual
changes - such as a worker performing a new action or a change in machine state - are re-
tained for analysis. Each selected keyframe is stored along with its corresponding timestamp
to preserve the temporal order of events.
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Chunks Duration Discussion When designing the pipeline, a critical parameter is the du-
ration of the video chunks. The choice of chunk size involves a trade-off between real-time
responsiveness and contextual understanding. Shorter chunks, such as five to 10 seconds,
offer lower latency since less data needs to be buffered and processed at once. This makes
them ideal for monitoring rapid actions where immediate feedback is crucial. Additionally,
memory requirements per chunk are lower. However, the downside of shorter chunks is that
they may cut off longer, more complex actions or processes, leading to a loss of temporal
context. Models might struggle to understand the overall goal of a sequence of actions if
it only sees small fragments. Longer chunks, ranging from 60 to 120 seconds, provide the
summarization model with a more complete view of an event or task. This allows for a better
understanding of temporal relationships between actions, which is essential for summarizing
processes that unfold over a longer duration, such as a multi-step machining operation. The
trade-offs, however, include increased latency and higher memory and processing require-
ments. In real-time monitoring scenarios, a 120-second delay before a summary or alert is
generated might be unacceptable. For this project, a chunk duration of 30 to 60 seconds is
proposed as a balanced starting point. This duration is short enough to enable near-real-time
processing suitable for many industrial safety and operational monitoring tasks. At the same
time, it is long enough to capture most atomic actions (e.g., picking up a tool, checking
inside a machine). The optimal duration is ultimately task-dependent and can be tuned as
a hyperparameter based on the specific industrial process being analyzed.

Object Detection

Once keyframes are extracted for a chunk, they are passed to a visual analysis module where
object detection occurs. A dedicated object detection model is used to identify and classify
objects within each keyframe. The decision to use a purpose-built model is supported by ad-
vancements in model architectures. As discussed in Subsection 3.2.3, recent object detection
models enhance spatial attention, making them especially effective at identifying the small,
frequently overlapping objects typical of industrial environments. To ensure high-quality de-
tections, a confidence threshold was applied, filtering out low-confidence predictions. The
output is a list of detected object names for each keyframe.

Frame-by-Frame Captioning

After the detection of the objects, each keyframe is processed by an MLLM to generate a
descriptive caption. We tested the models talked in 3.2.2 and the results are presented in
Chapter 6.

Information Enrichment

To generate contextually rich and temporally coherent captions, the pipeline incorporates an
information enrichment "hard coded" module before invoking the MLLM.

Exclusion of RAG While RAG is a powerful technique for enriching model outputs with
external knowledge, it was deliberately excluded from the core scope of this project for several
reasons. Integrating RAG would introduce significant architectural complexity beyond the
current scope. A robust RAG implementation requires curating a domain-specific knowledge
base, such as machine operation manuals and safety protocols, which involves sourcing,
cleaning, and structuring the data. It also demands advanced retrieval systems, including
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setting up and optimizing a vector database capable of efficiently locating relevant document
snippets based on the visual context - a task that constitutes a research domain in its own
right. Integrating RAG may be a logical next step for enhancing the system, as acknowledged
in Chapter 7.

Temporal Awareness

The system maintains a rolling history of the five most recent captions in a data structure.
For each new frame to be captioned, this history is included in the prompt, providing the
model with immediate temporal context. This allows the MLLM to understand the current
frame in the context of preceding events, leading to a more logical and narrative-driven
sequence of captions.

Data Integration

The prompt for the captioning model is dynamically constructed. It includes the image
itself, the broader context of the video (e.g., "CNC machine operation"), and the recent
caption history. The list of objects detected is also prepared for integration into this prompt,
allowing the MLLM to ground its description in pre-identified objects.

Final Summarization

The timestamped, descriptive captions generated for a video chunk are aggregated and
passed to a final reasoning model for the synthesis phase. Reasoning models are recognized
for its advanced ability to process complex information to produce structured textual outputs.
The model receives a prompt containing all chronologically ordered captions for the chunk,
along with additional context for its analysis. To expand the context window while reducing
the number of input tokens, a list of recent summaries is also provided. The model's task
is to synthesize this information into a concise summary and identify any deviations from
normal operation, which are flagged as "alerts".

Use of MLLM over LLM The selection of a model for the final summarization stage
warrants a brief clarification. This step of the pipeline processes purely textual data - the
chronologically ordered captions from the preceding stages. While a text-only LLM would
be a conventional choice, the implementation may use a state-of-the-art MLLM for this rea-
soning task. This decision is a pragmatic response to the current landscape of Al models and
the project’s resource constraints. Some of the market’'s most advanced and cost-effective
reasoning models, such as Google's gemini-2.5-pro and OpenAl’'s o4-mini, are indeed multi-
modal. These models offer sophisticated reasoning at a significantly lower operational cost
than many previous-generation, text-focused alternatives. Therefore, employing a modern
MLLM was the most logical and economical approach, securing access to a powerful rea-
soning engine without being constrained by a model's modality.

Structured Output Generation

A core objective of this dissertation is to produce structured video summaries. To enforce
this, the final model is constrained to generate its response in a predefined JSON format
separated by summary and alerts.
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4.3 Captioning Models Assessment

As noted earlier, a critical component of the proposed pipeline is the accurate captioning of
video frames, as these captions constitute the primary descriptive input for the downstream
summarizer. Consequently, a robust assessment of potential frame captioning models is
paramount. To assess their capabilities, particularly in interpreting human-machine interac-
tions within predefined tasks, we adopted an evaluation strategy centered on IQA triplets.
This methodology involves providing a model with an image and a pertinent question, then
comparing its generated response against a ground-truth answer.

4.3.1 Dataset Modeling

Following the comprehensive analysis made in Subsection 3.3.1, which confirmed that no
publicly available dataset met our specific criteria, we constructed a custom dataset based
on IQA triplets. The foundation of this dataset is its organization into five principal cate-
gories, each chosen to systematically evaluate the nuanced capabilities of models in complex
industrial environments.

Categories

The chosen categories were Human-Machine Interaction, Machine State and Ildentification,
Visual Quantification and Estimation, Text and Display Interpretation, and Functional Rea-
soning. This structure is not arbitrary; it represents a deliberate methodology for breaking
down the complex task of industrial video understanding. The hierarchical organization of
the dataset, detailing these categories and their associated tasks, is presented in Figure 4.3.

Human-Machine Interaction focuses on how people subtly interact with machines - an
area where misunderstandings and inefficiencies often arise [16]. To evaluate a model’s
understanding of these interactions, it's not enough to detect objects; it must also interpret
intent and assess procedural correctness. For instance, distinguishing between a person
actively pressing a button versus merely hovering a hand over a control panel is subtle,
yet critical. The tasks in this category assess fine-grained recognition and human pose
estimation, pushing the model to capture the intricacies of body posture and intent.

Machine State and Identification tests a model’s ability to go beyond surface-level obser-
vation to determine a machine’s operational state. It challenges generalization, as different
types of equipment may feature unique controls, indicators, and displays. A robust model
must synthesize multiple cues - such as indicator lights, screen text, and component posi-
tions - to accurately determine states like "idle" or "error". It also evaluates whether the
model can identify machine types and recognize universal symbols, such as warning lights,
linking visual recognition with domain knowledge.

Visual Quantification and Estimation explores the model's ability to perform items count-
ing, distances measuring, or process duration estimating, directly from 2D imagery, without
depth data or explicit time information. Tasks here test spatial reasoning and numerical
inference, such as estimating how far an object is from another or reading a time display.

Text and Display Interpretation follows the fact that modern industrial systems frequently
incorporate textual information via digital displays, printed labels, and safety signage. Being
able to read and interpret this text is essential for any model operating in such environments.
This category assesses the robustness of OCR capabilities in real-world conditions.
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Functional Reasoning pushes into higher-order cognitive territory. It evaluates whether a
model can interpret not just what is visible, but also why it matters, connecting perception
to reasoning. For example, inferring the function of a button being pressed requires visual
detection, contextual awareness, and an understanding of standard machinery functions.
This category is particularly important for assessing hallucination risk and logical consistency,
as it often requires reasoning about information not explicitly shown in the image.

-
i Human-Machine Interaction — What button is the worker clicking?
Understanding the user’s physical or D What tool does the worker have in hand?
functional engagement with the — What safety equipment is the user wearing?
machine. — |s the worker maintaining a safe posture while using the machine?
[ ~
. i ?
Machine State and Identification Is the control pane!lm?chlqe currently on or off?
. ) — What type of machine is being operated?
Recognizing the machine type, < L ) .
. tat d detecting i — |Is the machine idle, active, or in an error state?
operation status, and detecting Issues. — Are any active warning indicators or lights visible on the machine?
N
E) e

— How many items are currently being processed?

— What's the distance between the worker and the machine?
— What time is showing on the machine?

— Estimate the length of the object being processed.

Visual Quantification and Estimation
Object counting, distance estimation, or | <
temporal prediction.

— What is the language of text shown on the machine?
— List all the text visible on the control panel.

— What does the message on the warning label say?
— What numbers are shown on the machine?

Text and Display Interpretation
Reading digital/analog displays, labels, <
and signage in the scene.

~
s

. . — Explain the likely function of the button the user is pressing.

Functional Reasoning . -
) — |s there anything unusual about the machine state?
Inference, understanding purpose, and | < - : .
task-related causal reasonin — Why is the worker using that specific tool for the task?

g- — What is the purpose of the protection the worker is wearing?

A

Figure 4.3: lllustration of the various categories and their associated tasks
within the proposed dataset.

Capabilities

The purpose behind defining these categories and associated tasks is to establish a bench-
mark that reflects the complexity and realism of practical scenarios a model is likely to
face. This framework enables an evaluation across six core vision-language capabilities, as
identified by [55]:

e Recognition: The ability to identify and comprehend elements within an image, such
as scenes, objects, their attributes (color, shape, material), and quantities.

e Knowledge: The ability to apply general or common-sense knowledge to answer ques-
tions or solve problems.

e OCR: The skill to read text in images and use that text to answer questions or complete
tasks.
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e Spatial awareness: Understanding where things are in a picture and how they relate
to each other in space.

e Language generation: The ability to give clear, detailed, and well-written answers,
especially for questions that need longer explanations.

e Human pose: The ability to detect and understand how people are standing, moving,
or positioned in an image.

4.3.2 Assessment Method

To quantitatively assess the performance of the captioning models using our dataset, a
rigorous evaluation method was required. Several approaches were considered in Section 3.4,
each with distinct advantages and disadvantages. This section details the implemented
approach. Among the alternatives considered, the Model-as-a-Judge approach offers a well-
balanced solution by aligning three key objectives of a good assessment: scalability, semantic
fidelity, and automation.

Model-as-a-Judge allows for consistent and scalable assessment across large datasets with-
out the prohibitive costs of human evaluation, while still approximating nuanced human
judgments. This approach ensure that assessment remains robust in capturing semantic
quality.

The assessment method via Model-as-a-Judge is illustrated in Figure 4.4.

[For each dataset entry]

Image

into

%—‘ MLLM —generates— | 5 Responses Final Score

into

Question J
the average of all the average
‘ scores generates

[For each response]

Reasoning
Model

Response —into=> — assigns—»

5 Scores —make—>| Average Score

Figure 4.4: End-to-end assessment method for MLLM performance using

Model-as-a-Judge. Each image-question pair is passed to the MLLM to gen-

erate five responses, which are individually scored by a reasoning model five

times. The resulting scores are averaged per response and then across all
responses to compute the final model score.

For each of the IQA triplets in the custom dataset, the image and its corresponding question
are presented to the MLLM under evaluation. To account for the randomness nature of
generative models and to test for response consistency, this process is repeated five times
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for every triplet. This results in a total of five unique generated answers per image-question
pair for each MLLM.

Each of the generated responses is then evaluated for its accuracy and relevance. We employ
a powerful reasoning model to act as a judge. The judge model is tasked with scoring each
generated answer on a continuous scale from 0.0 to 1.0 (in 0.1 increments), where 0.0
signifies a completely incorrect or irrelevant response and 1.0 represents a perfectly accurate
and contextually appropriate answer. To ensure a robust assessment and mitigate potential
biases from the judge model, each generated response is evaluated five separate times by
the judge.

After all evaluations are complete, the scores are aggregated to produce a final performance
metric for each MLLM. For each of the generated answers, the five scores from the judge
model are averaged to create a single score for that specific response. Finally, all these
averaged scores are themselves averaged to compute a single score that represents the
overall capability of the MLLM on our custom industrial dataset. This multi-level averaging
process is designed to smooth out variability and provide a reliable and comparable final
score for each model.

This assessment framework is designed to be scalable, allowing for the straightforward ad-
dition of new triplets in the future with minimal effort.
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Chapter 5

Implementation

This chapter details the practical implementation of the components designed in Chapter 4.
It begins by describing the execution of the captioning models assessment, including the
construction of the custom dataset and the workflow for evaluating and scoring the models.
Subsequently, it covers the implementation of the end-to-end video summarization pipeline.

5.1 Models Assessment

The primary objective of the models assessment was to empirically determine the most
suitable MLLM for the frame captioning step of our pipeline. As established in the design
phase, the quality of these captions is fundamental to the overall system’s performance. The
implementation followed the assessment method detailed in Section 4.3, using a custom-
built dataset to test various models. The implementation was carried out within a Jupyter
Notebook environment using Python 3.12.7.

5.1.1 Dataset Construction

As determined by the previous analysis, no existing public dataset fulfilled the specific criteria
for our evaluation. Consequently, a new dataset was constructed to serve as the benchmark
for this assessment.

Dataset Entry Fields

Each entry in the dataset was structured as a JSON object with the following key fields:
e id: A unique integer identifier for the data point.
e image: The filename of the corresponding image.

e question: A targeted question/task designed to probe a specific model capability re-
garding the image's content.

e answer: A ground-truth answer to the question/task, serving as the benchmark for
accuracy.

e category: The category the IQA triplet belongs to, as defined in our dataset model
(Figure 4.3).

e capabilities: A list of the core vision-language capabilities being tested, aligned with
the framework design.

Listing 5.1 illustrates an example of an entry in our custom dataset, presented in JSON
format.
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{
“id": 1,
"image": "user clicking stop button.jpg",
"question": "What button is the worker clicking?",
"answer": "Stop button",
"category": "human_ machine interaction",
"capabilities": |
"recognition",
"spatial awareness",
"human pose"
]
b

Listing 5.1: The structure of an entry in our custom

Images

dataset.

The dataset was compiled using real images sourced from Freepik and iStock, along with
synthetic images generated using Imagen 3 by Google. In total, the dataset contains 26
images, of which 7 were synthetically generated. These images are reused in various entries.
For example, an image of a worker clicking a red button of a milling machine can be used for
two questions: "What button is the worker clicking?" and "What type of machine is being

operated?".

Categories and Capabilities Frequency

To ensure the dataset composition is aligned with our intended evaluation criteria, we ana-
lyzed the distribution of both the categories and capabilities across the IQA triplets.

Figure 5.1 presents the frequency of each category as defined in our dataset model. This
distribution highlights a similar focus on all the common scenarios in industrial collaboration.
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Figure 5.1 Category frequency in the custom dataset.
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Figure 5.2 illustrates the frequency of the targeted capabilities in our dataset. The distri-
bution reflects our aim to comprehensively test models across a spectrum of relevant skills,
with recognition and knowledge being the most prominent.
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Figure 5.2: Capability frequency in the custom dataset.

The final dataset consists of 100 unique IQA triplets, meticulously crafted to cover the full
spectrum of categories and capabilities outlined in the design.

5.1.2 Experimental Setup and Workflow

To ensure a reproducible and organized experimental process, the implementation was mod-
ularized into several key components.

Configuration Management

A configuration module was used to centralize all critical parameters for an evaluation run.
This approach allows for easy switching of models and data paths without altering the core
script. The key parameters include:

e json_path: The path to the dataset file.
e images_dir_path: The directory containing the image files.
e judge_model: The reasoning model designated to act as the evaluator (o4-mini).

e eval_model: The MLLM being assessed (e.g., gemini-2.0-flash, gemma3:12b, llava:13b).

API Abstraction

To streamline interactions with various MLLMs, a dedicated module was implemented. This
module abstracts the specific API calls for different services (OpenAl and Google Gemini)
and local instances (via Ollama). It provides a unified interface for sending a prompt and an
image to a model and receiving a textual response. This design choice was crucial for easily
extending the evaluation to new models.
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Judge Model Prompt

A separate module was created to manage all prompt templates. The most critical com-
ponent of this module is the judge template, which dynamically constructs the prompt for
the "Model-as-a-Judge". This prompt employs a few-shot learning strategy, providing the
judge model with several examples of questions, ground-truth answers, predictions, and their
corresponding scores, as shown in Figure 5.3.

You are an evaluation assistant. Only respond with a single float score (0.0, 0.1, ..., 1.0), no
explanation.

Compare the ground-truth and prediction from Al models, to give a correctness score for the
prediction.

<AND=> in the ground-truth means it is totally right only when all elements in the ground-truth
are present in the prediction, and <OR> means it is totally right when any one element in the
ground truth is present in the prediction. The correctness score is from 0.0 (totally wrong) to
1.0 (totally right).

Question | Ground truth | Prediction | Correctness

= ||=[I=1=

What safety equipment is the user wearing? | helmet <OR> gloves | glasses | 0.0

What safety equipment is the user wearing? | helmet <AND> gloves | helmet | 0.5

What safety equipment is the user wearing? | helmet <AND> gloves | helmet and gloves | 1.0
Why is this situation unsafe? | The electrical panel is left open with exposed wiring, and there
is water on the floor nearby. This combination creates a high risk of electrical shock or short
circuit, endangering anyone in the vicinity. | There is water on the floor, which can be
dangerous. People could slip or fall if they aren't careful. | 0.5

Why is this situation unsafe? | The electrical panel is left open with exposed wiring, and there
is water on the floor nearby. This combination creates a high risk of electrical shock or short
circuit, endangering anyone in the vicinity. | The electrical panel is open with exposed wiring,
and there is water on the ground close to it. This creates a serious risk of electrical shock and
makes the area extremely hazardous for anyone nearby. | 1.0

{question} | {ground_truth} | {prediction} |

Figure 5.3: Prompt given to Judge Model for MLLM response evaluation.
Idea gathered from [55].

Evaluation Script

The main script orchestrates the end-to-end evaluation workflow. It begins by loading the
parameters from the configuration module and the IQA dataset. We also defined constants
for the evaluation, such as N_OF_RESPONSES_PER_MODEL and N_OF_JUDGES_PER_RESPONSE,
to ensure robustness against model variability.

The script iterates through each IQA triplet in the dataset. For each triplet, it invokes
the eval_model five times with the same image and question. This repetition accounts
for the variability nature of generative models. An error-handling mechanism with a retry
policy (MAX_REQUEST_ATTEMPTS = 5) was implemented to manage potential API timeouts
or failures.

For each of the five responses generated by the eval_model, the script invokes the
judge_model. The judge is provided with the original question, the ground-truth answer, and
the model's generated response, using the judge prompt template (Figure 5.3). To obtain
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a stable and reliable score, the judge model is prompted five times for the same response.
This minimizes the impact of any randomness in the judge's own evaluation process.

The script collects these five raw scores (ranging from 0.0 to 1.0). The five scores for a
single response are aggregated into a final score. The script stores the generated responses
and their final aggregated scores in a list.

After processing all responses for a given IQA triplet, the average score across the five re-
sponses is calculated. The results for each triplet, including the ID, ground-truth, individual
responses with their scores, the overall average score for the triplet, category, and capabili-
ties, are appended to a list and periodically saved to a JSON file. This ensures that progress
is not lost during long evaluation runs.

Once all IQA triplets have been evaluated, a final module processes the saved scores file.
An example of the model's evaluation output file is shown in Lisitng 5.2

{
"overall average score": 0.75,
"average score by category": {
"human machine interaction": 0.77,
"machine state and identification": 0.89,
"visual quantification and estimation": 0.7,
"text and display interpretation": 0.7,
"functional reasoning": 0.67
I
"average score by capability": {
"recognition": 0.75,
"spatial awareness": 0.7,
"human pose": 0.78,
"knowledge": 0.75,
"ocr": 0.7,
"language generation": 0.62
b
¥

Listing 5.2: Structure of a model's evaluation output file.

To facilitate detailed performance analysis and ensure reproducibility of results, the script
stores a comprehensive set of evaluation metrics at multiple levels:

e Overall average score for the eval_model across the entire dataset.

e Average score by category, revealing the model’s strengths and weaknesses in different
contexts.

e Average score by capability, providing insight into the model’s performance on specific
tasks.

The comprehensive outputs from this assessment workflow, which include detailed scores
per model, category, and capability, are fundamental to the next stage of our research.

We utilize this data to perform a thorough analysis, gathering the final results and con-
structing the comparative charts and tables that are presented and discussed in detail in
Chapter 6.
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5.2 Summarization Pipeline

This section details the implementation of the end-to-end video summarization pipeline,
translating the architecture designed in Chapter 4 into a functional system. The implemen-
tation was developed in Python 3.12.7, using a modular structure to ensure maintainability,
and ease of experimentation.

The core of the pipeline is built upon several key open-source libraries and external APls,
chosen for their performance and capabilities in handling complex computer vision and nat-
ural language processing tasks. The orchestration of the pipeline is managed by a central
script that simulates a real-time streaming scenario. It processes the source video in se-
quential chunks of 30 seconds, dispatching each chunk to a worker thread using Python's
ThreadPoolExecutor. This concurrent approach allows for the parallel processing of video
segments, which is essential for achieving the efficiency required in near-real-time industrial
monitoring applications. The implementation is broken down into several distinct modules,
each responsible for a specific stage of the workflow.

5.2.1 Video Processing Module

This initial module handles the ingestion and preparation of the video data. It utilizes
the OpenCV'! (cv2) library to decode the video file and segment it into chunks. Within
each chunk, a keyframe selection strategy based on the SSIM is employed, using the
structural_similarity function from scikit-image. The first frame of every chunk is
automatically selected as a keyframe. Subsequent frames are then compared against the
most recently selected keyframe. Every 1 second, a new frame is only added to the keyframe
list if its SSIM score falls below 0.9, indicating a significant visual change, avoiding process-
ing when nothing is happening (e.g., user is away from the machine). Figure 5.4 explains
this approach visually.

Keyframe n Frame | Framej
SSIM=0.95 (> 0.9) SSIM=0.85(<0.9)
Frame Discarded Frame kept: Keyframe n + 1

Figure 5.4: Pipeline SSIM approach explained.

https://opency.org/(accessed 2025-06-29)
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This content-aware sampling, performed on grayscale versions of the frames to focus on
structural differences, drastically reduces computational redundancy. Frames are managed
as NumPy arrays, a standard for numerical and image data manipulation in Python.

5.2.2 Object Detection Module

For each selected keyframe, this module identifies and classifies relevant objects. The im-
plementation uses a state-of-the-art YOLOv11 model from the Ultralytics framework, ap-
proached on Subsection 3.2.3. The model is executed using PyTorch, with automatic of-
floading to a CUDA-enabled GPU (NVIDIA GeForce RTX 3060 Ti), to accelerate inference.

A confidence threshold of 0.8 is applied to the model’s output to filter out low-probability de-
tections, ensuring that only high-confidence object data is passed to the subsequent stages,
as illustrated in Figure 5.5.

- v
X ook Objects List:
— —_—
oy [person, person]

Filter by confidence
(>0.8)

Figure 5.5: Visual workflow of the object detection module. An input frame

is processed by the YOLOv11 model, which produces bounding boxes with

class predictions and confidence scores. A confidence threshold of 0.8 is

then applied to filter out low-probability detections (e.g., "backpack: 0.62"),
resulting in a high-confidence list of objects.

5.2.3 Frame Captioning Module

This module is responsible for generating descriptive text for each keyframe. It interfaces
with the OpenAl API to utilize the gpt-4.1-mini model (chosen based on the results presented
in Chapter 6). Google's gemini-2.0-flash model was the best model; however, due to API
reliability issues - despite staying within the documented rate limits - the pipeline experienced
intermittent failures. As stated in Gemini's APl documentation, "Specified rate limits are
not guaranteed and actual capacity may vary". Owing to this instability, we opted for the
more reliable gpt-4.1-mini model as the second-best rated alternative.

A critical feature of this module is the implementation of temporal context. A thread-safe
rolling queue (collections.deque) maintains a history of the five most recent captions.
This history is dynamically inserted into the prompt for each new frame, providing the model
with immediate context of preceding events and enabling it to generate a more coherent
narrative. Image frames are encoded into base64 format before being sent to the API,
a standard practice for vision model endpoints. Figure 5.6 shows the dynamic prompt
construction for captioning.
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Frame * Final prompt sent to gpt-4.1-mini
Example
) 5 5
Write a concise and clear dense caption for the provided frame of a CNC
machine operation video.
Focus on user-objects interaction.
Do not start the captions with introductions like ‘Here is a caption’.
Objects detected in the frame: person, CNC machine, button.
System prompt Previous captions for context:
Write a concise and clear dense caption... + 00:00:00: Operator presses the green cycle-start button on the CNC Outbut
 —— machine’s front control panel to initiate the machining cycle. P
. 00:08:03: Operator taps the CNC
* 00:01:03: Operator adjusts knobs and presses buttons on the control =———— o N
. . control's display screen to confirm the
panel, monitoring the program status through the machine’s viewing 54
. tool position offset values.
. ) window.
Objects detected in the frame — « 00:02:03: Operator grips the CNC machine’s front door handle with
[person, CNC machine, button] one hand while monitoring the control panel, beside him a
workbench holds setup drawings and precision measuring tools.
+ * 00:03:03: Operator inspects the CNC lathe’s control panel and
reaches for the enclosure door handle to load the next workpiece.
Previous captions for context  00:07:03: Operator technician stands at the CNC machine’s control
00:00:00: Caption 1 panel, pointing at the front-door latch while scanning the display to

00:01:03: Caption 2 verify machining settings.

Figure 5.6: Dynamic prompt construction for captioning. It combines the
frame with system instructions, a list of detected objects, and context from
previous captions. This complete "package" is then sent as a single prompt
to the MLLM, which generates the final, context-aware caption of the frame.

5.2.4 Final Summarization Module

In the final stage, the chronologically ordered captions from a chunk are synthesized into
a structured summary. This is accomplished using the Google Generative Al APl to access
the powerful, as noted in Section 3.3, gemini-2.5-pro model. This model was chosen for its
advanced reasoning capabilities and, crucially, its native support for generating structured
JSON output. By providing the APl with a Pydantic schema, the model is constrained to
return a response containing a descriptive summary and a distinct list of detected alerts.
This eliminates the need for complex and brittle output parsing. The final output is saved
in two formats: a raw JSON file for downstream programmatic use and a human-readable

Markdown file. Figure 5.7 shows the dynamic prompt construction for summarization.

System prompt
You are an assistant for summarization tasks. Based on the frame
captions and the context, generate a video summary..

+

e

Captions List

« 01:00:00: Operator presses the green cycle-start button on the
CNC machine’s front control panel to initiate the machining cycle.

+ 01:01:03: Operator adjusts knobs and presses buttons on the
control panel, monitoring the program status through the
machine’s viewing window.

+ 01:02:03: Operator grips the CNC machine’s front door handle with
one hand while monitoring the control panel, beside him a
workbench holds setup drawings and precision measuring tools.

+

Context

Tool Measurement Process on a CNC Machine:
1. Use a combination of the control panel, the handwheel, and visual
inspection inside..

& Final prompt sent to Gemini 2.5 Pro
Example

You are an assistant for summarization tasks. Based on the frame
captions and the context, generate a video summary that is organized
chronologically and divided into logical sections.

+ Provide a concise yet descriptive summary of all important events

+ Only include timestamps at the *“top-level”* sections.

+ Format the summary in **Markdown"* for clear presentation.

+ If alert-worthy events occurred, present them in the format ‘time

intervals . event’, grouping all entries by event type.

+ **Do not** include an introduction like "Here's a summary...".
Captions:
01:00:00: Operator presses the green cycle-start button on the CNC
machine’s front control panel to initiate the machining cycle.
01:01:03: Operator adjusts knobs and presses buttons on control panel.

Context:
The machine can only start if the emergency button is inactive.

Last summaries:
##00:00 - 00:59: Measurement Operations

!

Output structure using BaseModel from pydantic
class Response(BaseModel):

summary: str

alerts_list: list[str]

Output

{

“summary": “### Initial Cycle Start and Monitoring
(01:00:00 - 01:03:03)\nA technician begins the
machining process by pressing the cycle-start
button (01:00:00). An operator then takes over,
adjusting controls on the CNC lathe panel and
monitoring the program status through the viewing
window (01:01:03)..."

“alerts_list": [

*01:00:00 . Program started; door status
unconfirmed as closed prior to initiation, as required
by safety guidelines.”

1
}

Figure 5.7: Dynamic prompt construction for summarization. The workflow
combines a system prompt, frame captions, context, and the last 10 sum-
maries to guide the model in producing a specific output format (summary

and alerts).
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System Prompt plays an important role in guiding the model into the appropriate operational
mode. By defining the role as a summarization assistant, it immediately focuses the model's
capabilities on the task at hand, steering it away from general conversation. It also establishes
a clear objective by specifying that the expected output is a video summary, which helps
prevent the model from drifting into unrelated activities such as rephrasing captions or
generating creative text.

Captions List serves as the ground-truth - the factual foundation on which the entire
summary is built. Each entry in the list is tied to a timestamp (t1, t2, ..., ts), enabling
the model to maintain the chronological order of events. These timestamps help construct
a narrative that reflects the actual sequence in the video. Furthermore, the descriptions
within the captions provide essential details that the model uses to compose an accurate
and meaningful summary.

Context introduces domain-specific knowledge that goes beyond what is directly visible in
the video frames. This information allows the model to understand not just what happened,
but why it matters. For instance, if the machine starts while the door status is unconfirmed,
the model can recognize this as a potential anomaly - something it would not infer from the
captions alone. Context also helps reduce ambiguity by clarifying user actions that might
otherwise seem out of place.

Last Summaries maintain narrative coherence across multiple video chunks. This compo-
nent provides the model with long-term temporal context. Implemented as a rolling queue
that stores the 10 most recent summaries, this mechanism acts as the system's memory.
Before processing a new chunk, the summaries from previous, chronologically ordered chunks
are appended to the prompt. This allows the model to understand the broader context of
events that have already transpired, preventing redundant descriptions and enabling it to
recognize sequences that span across chunk boundaries. With a 30-second chunk duration
and a maximum of 10 summaries in the queue, the model has a context of the last 5 minutes.
This context window scales directly with the chunk duration; for example, 1-minute chunks
provide a 10-minute context.

Final Assembled Prompt is where all the components (system prompt, captions, and con-
text) come together within a single, unified instruction. In addition to guiding content, this
final prompt enforces structure, encouraging the model to organize events chronologically
and logically. Formatting constraints, such as using Markdown for readability and structuring
alert-worthy events as key-value pairs, make the output not only more presentable but also
machine-readable. Additionally, by explicitly instructing the model to avoid conversational
filler (e.g., "Here is the summary requested:"), the prompt ensures a direct and clean result.

Structured Output finally enforces a strict schema using a BaseModel from Pydantic, which
defines the expected format: a string for the summary and a list of strings for the alerts. It
removes the need for fragile parsing logic.

This modular and concurrent implementation provides a scalable foundation for processing
industrial video data. It effectively translates the theoretical design into a practical system
capable of generating the structured summaries that are analyzed in Chapter 6.
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Chapter 6

Results

This chapter presents the empirical findings from the experiments detailed in Chapter 5. The
analyses provide a quantitative evaluation of the project’s primary objectives, from model
selection to final output generation.

6.1 Models Assessment Results

This section presents the performance results of the different MLLMs evaluated using the
assessment framework detailed in Section 4.3. The goal was to empirically determine the
most suitable model for the frame captioning step of the pipeline. The following subsections
provide a quantitative breakdown of each model’s performance, starting with an overall
comparison and then delving into specific categories and capabilities.

6.1.1 Overall Model Performance

Figure 6.1 shows a comparison of the models, illustrating their final average scores across
our custom industrial dataset.
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Figure 6.1: Overall MLLM Performance on our custom industrial dataset,
with the models on the x-axis and the average score (from 0.0 to 1.0) on the
y-axis.
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This overall score, derived from the "Model-as-a-Judge" methodology, serves as a primary
indicator of each MLLM'’s general proficiency in understanding and responding to the diverse
tasks. The results clearly show a performance hierarchy among the evaluated models, with
gemini-2.0-flash achieving the highest overall score.

6.1.2 Performance by Category

To understand the specific strengths and weaknesses of each model, their performance was
disaggregated across the five distinct categories defined in the dataset: Functional Reasoning
(FR), Human-Machine Interaction (HMI), Machine State and Identification (MSI), Text and
Display Interpretation (TDI), and Visual Quantification and Estimation (VQE). Table 6.1
presents the average scores for each model within these categories.

Table 6.1: Average MLLM scores by category.

Model FR | HMI | MSI | TDI | VQE | Total
llava 13b 0.62 | 0.42 | 0.40 | 0.11 | 0.22 | 0.36
gpt-4o-mini 0.63 | 0.56 | 0.62 | 0.57 | 0.20 | 0.53
gemma3_ 12b 045 ] 0.69 | 0.54 | 0.43 | 0.49 | 0.53
gpt-4.1-mini 0.61 | 0.86 | 0.80 | 0.68 | 0.63 | 0.72
gemini-2.0-flash | 0.67 | 0.77 | 0.89 | 0.70 | 0.70 | 0.75

For a more intuitive comparison, Figure 6.2 illustrates this data in a radar chart. Each axis
represents a category, and the area covered by a model's polygon indicates its balanced
performance across the different contexts.

hine_state_and_identification — gemini-2.0-flash

gemma3_12b
—— gpt-4.1-mini
—— gpt-4o-mini
— llava_13b

visual_quantification_&nd_estimation

pan_maghine_interaction

text_and_display_inerpretation

nctional_reasoning

Figure 6.2: Average MLLM scores by category (radar chart).

The dominant performance of gemini-2.0-flash is immediately apparent, as it achieves the
highest scores in four out of five categories. However, a key insight from the chart is the
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specialized strength of gpt-4.1-mini, which surpasses all other models in the HMI category,
making it a strong candidate for operator-focused tasks. In contrast, categories such as VQE
proved challenging for most models, with gpt-4o-mini and llava_13b showing significant
performance deficits in this area.

6.1.3 Performance by Capability

To gain a more granular insight into the underlying skills of each model, this section ana-
lyzes performance across the six core vision-language capabilities: Recognition (Rec), OCR,
Knowledge (Know), Language Generation (Gen), Spatial Awareness (Spat), and Human
Pose (Pose). Table 6.2 shows the average scores for these abilities.

Table 6.2: Average MLLM scores by capability.

Model Rec | OCR | Know | Gen | Spat | Pose | Total
llava_13b 038 | 027 | 046 | 0.50 | 0.29 | 0.47 | 0.36
gemma3_12b 054 | 041 | 053 | 041 | 053 | 0.65 | 0.53
gpt-4o-mini 053] 058 | 0.60 | 0.51 | 0.24 | 0.60 | 0.53
gpt-4.1-mini 072 | 066 | 0.74 | 056 | 0.72 | 0.82 | 0.72
gemini-2.0-flash | 0.75 | 0.70 | 0.75 | 0.62 | 0.70 | 0.78 | 0.75

Figure 6.3 translates these scores into a radar chart. Again, each axis represents a capability,
and the area covered by a model’s polygon indicates its balanced performance across the
different contexts.

—— gemini-2.0-flash
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Figure 6.3: Average MLLM scores by capability (radar chart).
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For instance, the superior performance of gpt-4.1-mini in the HMI category can be directly
attributed to its leading scores in the Human Pose and Spatial Awareness capabilities. Con-
versely, the struggles of gpt-4o-mini with visual quantification are explained by its significant
weakness in Spatial Awareness. The chart also highlights that capabilities like OCR and
Spatial Awareness are crucial differentiators, with the top-tier models demonstrating robust
performance while lower-performing models like llava 13b show critical deficiencies.

6.1.4 Qualitative Analysis

While the quantitative scores provide a high-level overview of model performance, a quali-
tative analysis of specific model responses is essential to understand the nuances behind the
numbers. This section delves into two of the more unexpected findings from the assessment
to illustrate the practical differences in model capabilities.

Gemma-3’s Low Language Generation Score

One of the most counterintuitive results was that gemma3_ 12b scored lower on Language
Generation (0.41) than the llava_13b model (0.50). The Language Generation capability is
defined as the ability to provide clear, detailed, and well-written answers, which is especially
critical for questions requiring longer explanations. This capability is heavily tested in the
"Functional Reasoning" category. Figure 6.4 presents the qualitative analysis of the two
models.

Question
Is there anything unusual about the machine state?

Ground-truth answer
No.

An answer from llava_13b (Score: 1.0)

In the image, a person is standing in front of a machine that appears to be some
sort of industrial equipment. The machine has multiple cylindrical components and
what looks like a mechanical assembly. There doesn't seem to be anything overtly

unusual about the machine itself; it looks like it might be part of an assembly line

or a piece of machinery designed for manufacturing purposes.

An answer from gemma3_12b (Score: 0.0)
It appears to be an older machine and the condition suggests it may not be
operating at its peak efficiency.

Figure 6.4: A qualitative comparison of model responses to a functional
reasoning question. The llava_13b model correctly identifies that there is
nothing unusual, providing a descriptive and fact-based answer. In contrast,
gemma3_12b makes an unsupported assumption about the machine’s oper-
ational efficiency, which is penalized as a speculative response.

Llava 13b provided a detailed and descriptive answer grounded in the visual evidence. It de-
scribed the scene accurately and correctly concluded that there is nothing "overtly unusual".
This response directly answers the question based only on what can be seen, earning it a
perfect score. Gemma3_12b, while starting with a reasonable observation ("It appears to
be an older machine"), immediately pivots to speculation. It claims "the condition suggests
it may not be operating at its peak efficiency". This statement is an inference that cannot be
supported by the visual information in the image. By suggesting a potential inefficiency, the
model implies there is something unusual, directly contradicting the ground-truth answer.
This tendency to generate unverified and speculative information, rather than sticking to a
clear description and direct answer, is why it scored zero.
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GPT-40-mini’s Weakness in Spatial Awareness

Perhaps the most striking finding was the poor performance of gpt-4o-mini in Spatial Aware-
ness, where it scored just 0.24, significantly lower than gemma3_12b’s score of 0.53. Spatial
Awareness is the ability to understand the location of objects and their relationships to each
other in space. This is a fundamental skill for interpreting human-machine interactions and
safety. Figure 6.5 shows a qualitative assessment of llava_13b and gpt-4o-mini, on a task
requiring Spatial Awareness within a human-machine interaction scenario.

Question
What button is the worker clicking?

Ground-truth answer
Settings button <OR> Configurations button <OR> Gear button.

An answer from llava_13b (Score: 1.0)
Based on the image, the worker is clicking a button on the screen that appears to
have a gear icon.
This strongly suggests it's a settings button, likely used to adjust parameters or
access configuration options within the system being controlled.

An answer from gpt-4o-mini (Score: 0.0)
| can’'t determine what button the worker is clicking based on the image. If you have
specific details about the button, | can help further!

Figure 6.5: A qualitative example from the Spatial Awareness capability.

While the llava_13b model correctly identifies the specific button being

pressed by the worker based on its icon, gpt-4o-mini completely fails the

task, claiming it cannot determine the action from the image. This demon-
strates a fundamental deficit in spatial perception.

The models were asked the direct spatial question, "What button is the worker clicking?".
The correct response is any variation of "Settings button", "Configurations button", or
""Gear button", corresponding to the universally recognized gear icon being touched on the
screen.

Llava 13b successfully completed the task. It correctly identified that the worker is pressing
a button with a "gear icon" and accurately inferred its purpose as a "settings button". This
answer demonstrates strong Spatial Awareness by correctly localizing the worker's finger and
identifying the specific object of interaction. Gpt-4o-mini failed completely. Its response is
factually incorrect. The worker's finger is clearly and unambiguously pointing to the gear
icon on the screen. This is not a complex or ambiguous scene, and the model’s inability to
determine the button points to a critical failure in its visual perception and spatial reasoning
capabilities. This example starkly illustrates why gpt-4o-mini performed so poorly in the
Spatial Awareness capability.

Lexical-based metrics like BLEU and ROUGE, while useful for tasks with high word overlap
such as translation or summarization, fall short in evaluating the quality of model-generated
responses in more nuanced contexts. These metrics rely on n-gram comparisons with a ref-
erence text, which makes them incapable of detecting factual inaccuracies or hallucinations -
such as a fluent yet incorrect response - and they also unjustly penalize accurate paraphras-
ing that uses different vocabulary. Because of these flaws, we use a "Model-as-a-Judge"
method .
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6.2 Pipeline Summarization Results

To validate the performance of the summarization pipeline, a series of real-world test videos
were created. We recorded an operator using a CNC-TRIAC CENTRE machine at the
ISEP’s facilities. Footage was captured from two distinct angles, resulting in 30:50 minutes
of video from the right angle and 30:26 minutes from the left angle. To test the pipeline’s
anomaly detection capabilities, the operator was instructed to intentionally commit a series
of predefined faults during the recording sessions. Following the recordings, the videos were
carefully reviewed and edited to create a curated set of evaluation scenarios. For each of
these final video clips, a detailed ground-truth summary was manually generated to serve as
a benchmark for accuracy.

Table 6.5 outlines the final, edited video clips used for the evaluation, detailing the specific
context of each scenario and its duration.

Table 6.3: Contexts of worker interactions with CNC machine.

Video ID | Context Duration
Vid1l The worker is measuring three different tools on the CNC ma- 05:05
chine.
Vid2 The worker is performing the machine zeroing procedure. 00:30

Vid3 The worker attempts to execute a program while the program 00:58
protection feature is disabled.
Vid4 Standard execution process of a program on the CNC machine. 00:22
Vid5 The worker attempts to operate the machine while the emergency 00:24
stop button is engaged.
Vid6 The worker tries to run a program while the machine door is open. 00:16

6.2.1 Summary Results

While traditional lexical-based metrics like BLEU offer a measure of textual overlap, they of-
ten fail to capture the semantic accuracy and contextual relevance of a generated summary.
Recognizing this limitation, a significant effort was dedicated to employing a more sophis-
ticated evaluation methodology. We adopted the "Model-as-a-Judge" approach, again, to
use the advanced reasoning capabilities of a powerful model for a more semantic evaluation.
For this task, we also utilized gemini-2.5-pro. The evaluation process involved providing
the judge model with our manually created ground-truth summary alongside the summary
generated by the pipeline for the same video. The model was then prompted to assign a
score from 0.0 to 1.0 and to provide a qualitative assessment detailing the strengths and
weaknesses of the generated summary.

The following prompt was used to guide the model’s evaluation:

Give my pipeline summary a score from 0.0 to 1.0. Also specify the
strenghts and weaknesses.

This is my ground—truth video summary:

{gt summary}

And this is the summary my summarization pipeline generated.

{pipeline summary}

Listing 6.1: Prompt used to guide the pipeline summaries evaluation.
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Table 6.4 presents the results of this evaluation, including the scores and the judge model's
qualitative feedback for each video. The pipeline achieved an overall average score of 0.72.

Table 6.4: Evaluation of video summaries: strengths and weaknesses of the
pipeline, by the Model-as-a-Judge.

Video | Score | Strengths Weaknesses

Vid1l 0.7 Identifies repeated actions: but- | Fragmented and overly detailed
ton and dial use, handwheel op- | (e.g., hand usage), which disrupts
eration, and note-taking. Rec- | high-level comprehension.
ognizes general context as "tool
measurement" on CNC.

Vid2 0.7 Accurately captures the "zero- | Omits sequential zeroing of X, Y,
ing procedure" and interaction | and Z axes, which are critical to
with core components like control | the procedure.
panel, buttons, and rotary hand-
wheel.

Vid3 0.5 Identifies CNC operation context | Too generic; lacks specific terms
and key actions: pressing buttons, | like "Program Selection", and
referencing documents, pointing | omits key button names like "Li-
at the screen. brary", "Reset", "Cycle Start".

Vid4 0.6 Notes operator interaction with | Uses vague descriptions rather
CNC control panel and general | than concrete steps (e.g., “select
screen-monitoring behavior. program”, “activate auto”). Pos-

sibly due to limited screen/button
visibility.

Vid5 0.8 Recognizes topic of powering on | Misses control panel state: ma-
CNC machine, including button | chine is “Not Ready”, a key issue
pressing and screen observation. | in the task.

Provides general context of the
activity.

Vid6 1.0 Identifies components (operator, | —
control panel, door), captures ac-
tions with detail ("pressing but-
tons", "reaching in"), and adds
useful context beyond ground-
truth.

6.2.2 Alert Detection Results

A primary objective of the pipeline is the accurate identification of operational anomalies
and safety violations, which are flagged as "alerts". This capability was tested by evaluating
the pipeline’s ability to correctly identify the predefined faults in the test videos. Further-
more, scenarios with no faults were included to test for the generation of false positives,
or "hallucinated" alerts. The nature of these alerts varied; some, like attempting to start
the machine with the door open, should trigger an immediate alert, while others, such as a
procedural deviation like measuring an incorrect number of tools, required a more extended
temporal analysis to be detected.
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Table 6.5 summarizes the pipeline’s performance in alert detection for each video scenario.

Table 6.5: Validation of the alert detection across test scenarios.

Video ID | Context Status
Vid1l We said in the context that the operator should only measure two v
tools. The operator measured three.
Vid2 No alert should be produced. We used this to test possible halluci- v
nations.

Vid3 An alert saying that the operator tried to start a program with the X
program protection active should be produced. It was not.

Vid4 A simple program execution. It should not produce any alert. v

Vid5 Operator tries to use the machine with the emergency button active. v
Pipeline found it.

Vid6 Operator tries to start a program with the machine door open. v

Pipeline found it.

The system successfully detected the majority of the predefined faults, correctly identifying
procedural deviations (Vid1), critical safety issues like an engaged emergency stop (Vid5),
and attempts to operate the machine with the door open (Vid6). The pipeline also proved
robust against generating false positives in scenarios where no faults were present (Vid2
and Vid4), indicating a good level of precision. However, a notable failure occurred in Vid3,
where the system did not detect the operator’s attempt to run a program with the program
protection feature disabled. This indicates a potential weakness in the pipeline's ability to
recognize specific machine states from the available visual data.

The model's failure to detect a key safety and operational feature highlights an area for
future improvement and refinement of its detection capabilities. Despite this, the overall
success rate in the test set was high, with five out of six scenarios being correctly assessed.
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Chapter 7

Conclusions and Future Work

This dissertation embarked on an investigation into the application of LLMs and MLLMs for
structured video summarization in industrial environments. The primary goal was to design
and evaluate a system capable of analyzing video footage of human-machine interactions
to enhance operational safety and efficiency by automatically detecting anomalies. This
final chapter synthesizes the key findings of the research, reflects on the achievements and
limitations of the developed prototype, and outlines promising directions for future work.

7.1 Conclusions

The research successfully addressed its core objectives, culminating in a functional prototype
that validates the feasibility of using modern Al models for this complex task.

First, a systematic literature review confirmed that while many frameworks exist for general
video summarization, the specific application to structured, industrial contexts remains un-
derexplored. Our analysis of state-of-the-art systems like MISAR [4], VidIL [49], M3SUM
[48], AVIWT [3] and XaiR [42] allowed us to identify a common set of essential process-
ing steps - including frame sampling, captioning, and object detection - which formed the
architectural basis of our own pipeline.

A significant contribution of this work was the identification of a critical gap in publicly
available data. The research method for RQ-3 revealed that no existing dataset provided
the necessary IQA triplets required for evaluating model performance on nuanced, task-
specific queries in an industrial setting. To overcome this, we constructed a custom dataset
of 100 IQA triplets, categorized by specific industrial scenarios and designed to test core
vision-language capabilities.

The empirical assessment of various MLLMs using this dataset yielded crucial insights. The
results demonstrated a clear performance advantage for state-of-the-art, APl-accessible
models, with gemini-2.0-flash and gpt-4.1-mini achieving the highest overall scores of 0.75
and 0.72, respectively. The evaluation also uncovered specific model strengths and weak-
nesses; for instance, gpt-4.1-mini excelled in the Human-Machine Interaction category due
to its superior grasp of human pose and spatial awareness, while gpt-4o-mini showed a sur-
prising and significant deficit in spatial awareness tasks. These findings were instrumental
in selecting the most appropriate models for our pipeline’s captioning and summarization
modules.

Finally, the end-to-end summarization pipeline was successfully implemented and tested on
real-world video footage of a CNC machine in operation. The system achieved an overall
performance score of 0.72 in a "Model-as-a-Judge" evaluation, demonstrating its ability to
produce coherent, chronologically accurate summaries. More importantly, the pipeline proved
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effective at its primary goal of anomaly detection, successfully identifying critical safety
violations such as an attempt to operate the machine with the emergency stop engaged or
the door open. While the system showed some limitations, such as occasionally generating
overly generic descriptions or missing fine-grained procedural details, its success serves as a
strong proof of concept.

7.2 Future Work

The developed prototype establishes a solid foundation, yet several exciting avenues exist
for enhancing its capabilities.

7.2.1 Context-Aware RAG for Domain-Specific Knowledge

The current pipeline’s context is provided through hard-coded instructions in the prompt.
A major advancement would be to implement a Context-Aware RAG system. This would
involve creating a vector database populated with domain-specific documentation, such as
machine operation manuals, safety protocols, and standard operating procedures. When
analyzing a video, the system could retrieve relevant passages from this knowledge base to
provide the reasoning model with deep, explicit context. This would empower the model
to detect subtle procedural deviations and generate alerts with much higher precision and
detail, directly addressing the weakness of occasional generic summaries.

7.2.2 Fine-Tuning for Specialized Object Detection

The pipeline currently utilizes a general-purpose YOLOv11 model. While highly capable, it
is not optimized to recognize custom tools or specific machine components. Future work
should involve fine-tuning an object detection model on a custom-annotated dataset of
objects specific to the target industrial environment. This would yield a more accurate and
relevant list of detected objects for each frame.

7.2.3 Incorporating Audio as an Input Modality

Industrial environments are rich with auditory information that is currently ignored by our
vision-only system. The next logical step is to make the system truly multimodal by adding
an audio-processing module. This module could perform two key functions:

e Speech-to-Text Transcription: Transcribing any spoken words from the operator to
capture verbal commands or comments.

e Sound Event Classification: Identifying and classifying non-speech sounds, such as the
normal operating sound of a machine, a sudden clank indicating a dropped tool, or a
grinding noise suggesting mechanical failure.
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