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Abstract
Existing systems for searching and analyzing traffic surveillance footage often rely on pre-
defined event detection methods and lack the ability to interact with users through natural
language. The main goal of this thesis is to create such system by utilizing multimodal large
language models (MLLMs) and related technologies, namely multimodal embedding mod-
els, both of which have seen rapid advancements in recent years. The system is designed
to support multiple models of both types, enabling flexible integration and comparison.
Furthermore, the available models are benchmarked specifically in the domain of traffic
footage to evaluate their performance and suitability for practical deployment.

Abstrakt
Existující systémy pro vyhledávání a analýzu záznamů z dopravních kamer často spoléhají
na předem definované metody detekce událostí a postrádají schopnost interagovat s uži-
vateli prostřednictvím přirozeného jazyka. Hlavním cílem této diplomové práce je vytvořit
takový systém s využitím multimodálních velkých jazykových modelů (MLLM) a souvise-
jících technologií, konkrétně multimodálních embedovacích modelů, přičemž oba typy mod-
elů v nedávných letech zaznamenaly rychlý rozvoj. Systém je vytvořen tak, že podporuje
výběr mezi více modely obou typů, čímž umožňuje jejich flexibilní integraci a porovnání.
Všechny dostupné modely jsou dále porovnány specificky v oblasti dopravních záznamů za
účelem zhodnocení jejich výkonu a vhodnosti pro praktické nasazení.
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Rozšířený abstrakt
Frekvence nasazování dopravních sledovacích kamer v posledních letech stále roste, CCTV
záznamy se staly klíčovým nástrojem pro monitorování veřejných prostor, analýzu do-
pravních vzorců, detekci nehod a vymáhání předpisů. Většina současných systému pro
vyhledávání a analýzu dopravních videí však často spoléhá na předem definované metody de-
tekce událostí a postrádá možnost interakce s uživateli prostřednictvím přirozeného jazyka.

V nedávných letech se velkého rozvoje, popularity a hromadného nasazení dočkaly velké
jazykové modely (LLM). Multimodální rozšíření těchto modelů jim umožňují kromě textu
pracovat také s daty jiných typů (modalit), jako jsou například obrázky, zvuk či videa. Jejich
rozvoj ovlivnil také vývoj souvisejících modelů z oblasti strojového učení—například multi-
modálních embedovacích modelů, které umožňují zakódování dat z více ruzných modalit do
stejného vektorového prostoru. Primárním cílem této práce je vytvořit pomocí zmíněných
modelů systém, který umožní uživatelům efektivně vyhledávat události či objekty v kolekci
dopravních videí a také tato videa interaktivně analyzovat pomocí přirozeného jazyka.

Práce začíná úvodem do problematiky, který pokrývá témata jako CCTV dopravní
záznamy, techniky zpracování obrazu a videa či vybrané typy úloh z oblasti strojového učení,
které úzce souvisí s funkcionalitou navrženého systému. Dále jsou představeny multimodální
LLM (MLLM) a multimodální embedovací modely, které tvoří jádro systému. Vybrané
konkrétní state-of-the-art modely obou typů jsou poté společně s existujícími podobnými
systémy představeny v rámci rozboru současných řešení, přičemž většina popsaných modelů
je k dispozici pro použití v implementovaném systému.

Návrh i implementace systému jsou důkladně popsány. Popis začíná samotným kon-
ceptem dvoufázového procesu, který deleguje vyhledávání na multimodální embedovací
model spolu s vektorovou databází a analýzu nalezených či manuálně specifikovaných úseků
videí na MLLM přizpůsobený pro práci s videi. Systém je implementován formou webové
aplikace s jednoduchým a přehledným grafickým uživatelským rozhraním, přičemž zvolené
modely umožňují systém provozovat i lokálně na moderním domácím počítači. Implemen-
tovaný systém nabízí uživateli výběr mezi čtyřmi různými multimodálními embedovacími
modely a čtyřmi různými video-MLLM, přičemž je navržen tak, aby umožňoval relativně
snadné přidání podpory dalších modelů. Výběr dostupných modelů je v práci řádně popsán
a odůvodněn.

Kromě samotného systému je jedním z hlavních přínosů této práce také porovnání
všech použitých modelů v doméně dopravních videí. Multimodální embedovací modely
byly porovnány prostřednictvím vyhledávání obrázků na základě textu na datasetu ob-
sahujícím fotografie konkrétních modelů aut, přičemž bylo také zohledňováno zda vybrané
obrázky odpovídají alespoň správné automobilce. Porovnání těchto modelů bylo podobným
způsobem provedeno také na datasetu obsahující fotky dopravních značek (i se zohledněním
jejich kategorií) pořízených v České republice. Dostupné MLLM modely byly porovnány
na základě odpovídání na otázky týkající se příslušných dopravních videí, přičemž otázky
pokrývaly nejen popis dění ve videu, ale také predikci budoucího vývoje, zpětné uvažování
a jiné složitější úvahy. Na závěr je celý systém stručně vyhodnocen za použítí modelů, které
si v uvedených porovnáních vedly obecně nejlépe.
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Chapter 1

Introduction

The deployment of tra�c surveillance cameras has been steadily increasing in recent years,
driven by advancements in technology and a growing emphasis on road safety, e�cient
tra�c management, and crime prevention. CCTV footage has become a critical resource
for monitoring public spaces, analyzing tra�c patterns, detecting incidents, and enforcing
regulations. However, existing systems for searching and analyzing tra�c footage often
rely on prede�ned event detection methods and lack the capability to interact with users
through natural language.

In recent years, large language models (LLMs) have gained signi�cant attention and
achieved remarkable progress in performance and capabilities. Notably, the capabilities of
multimodal LLMs (MLLMs) go beyond text processing, as they also integrate information
from other modalities such as images, videos, or audio. Their popularity also accelerated
advancements in related technologies, that often correspond to a part of their architecture,
such as multimodal embedding models, which map inputs from multiple di�erent modalities
into a shared embedding space. The aim of this thesis is to utilize video-MLLMs and related
technologies (multimodal embedding models) to create an e�cient and intuitive system for
searching and analyzing videos of tra�c.

The theoretical part of the thesis begins with an analytical overview of the problem
domain in chapter 2, covering topics such as CCTV footage of tra�c, video and image
processing techniques, and certain machine learning tasks closely related to the indended
system functionality. Chapter 3 introduces multimodal large language models (MLLMs)
and multimodal embedding models, both of which are at the system's core. Chapter 4
presents research of existing solutions, covering both existing whole-system solutions similar
to the target system, and existing MLLMs and multimodal embeding models that were
evaluated as suitable for the system and most of which are made available for use there.

The practical part of the thesis begins with the concept of the system in chapter 5,
which introduces and expands upon the idea of a two-step pipeline that utilizes an image-
text multimodal embedding model for search and a video-MLLM for analysis. Chapter 6
describes the implementation of the system, that also allows the user to choose between
four di�erent AI models of both types. Finally, chapter 7 covers the scienti�c contribution
of the thesis in the form of benchmarks of the available models in the domain of tra�c
footage. The multimodal embeding models were benchmarked on image-text retrieval, and
the MLLMs were benchmarked on video question answering (VQA). Chapter 7 also includes
a brief evaluation of the system with the best-performing models con�gured.
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Chapter 2

The problem domain

The goal of this chapter is to introduce and analyze the problem without too much focus
on speci�c technologies that will be used to create the system itself.

Section 2.1 analyzes the characteristics of CCTV footage, which is the type of data
the system aims to work with, while section 2.2 discusses some general video (and image)
processing techniques which are relevant in this context. Moving towards some relevant
speci�c problematics, sections 2.3 and 2.4 introduce temporal sentence grounding, a rather
modern machine learning task type, whose goal is to localize a video section based on
a given text query description of the scene, and multimodal search, the idea of searching
through data not only based on text, but also searching by images or other media.

2.1 CCTV footage of tra�c

Closed-circuit television (CCTV), also known as video surveillance [40], is commonly used
to monitor both public (for public safety, tra�c monitoring, special event security, etc.) and
private (business or residential security, private institutions, etc.) spaces in many parts of
the world. As opposed to broadcast television, where the signal is transmitted openly, the
signal from (a given set of) CCTV cameras is transmitted only to a speci�c, restricted set
of monitors and recording devices, forming a �closed� system [14]. CCTV camera systems
vary in their price ranges, capabilities, use cases and other attributes, and can be deployed
both indoors and outdoors.

This thesis is concerned speci�cally with CCTV footage of tra�c, which is essential for
monitoring tra�c �ow, identifying accidents, and enforcing tra�c laws. Tra�c surveillance
cameras are generally placed in areas where tra�c �ow is heavy or needs close monitoring,
like intersections, highways and major roads, toll booths (mainly for license plate recog-
nition), or parking lots and garages. Nowadays, advanced algorithms are often used to
analyze the footage, automating tasks like object detection, license plate recognition and
identifying tra�c violations. Most of the modern algorithms tend to be AI-based, and some
of them can be even used in real-time. The main focus of the thesis is creating a system,
that allows for a very free and �exible analysis of multiple recordings, including the op-
tion to localize a described event (or object). Although the system is meant to be able
to process general CCTV footage of tra�c, independent of location, resolution and other
characteristics, auxilary footage from street Boºet¥chova was supplied for the work (two
batches of videos that share the same camera location, but di�er in resolution and bitrate),
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and will be used as a reference most of the time. An example frame from footage captured
at daytime is shown in �gure 2.1.

Figure 2.1: An example of daytime CCTV footage from Boºet¥chova street. Visible license
plates and people's faces have been blurred for privacy reasons.

Properties and limitations of CCTV tra�c footage

Most footage from CCTV cameras shares some common characteristics. Since the system
is meant to work speci�cally with this kind of video �les, it would be wise to prepare for
what properties and limitations to expect from such footage:

ˆ Resolution and bitrate � Since these cameras are designed for monitoring places in
a 24-hour continuous operation, the resolution and bitrate tend to be rather limited
compared to other video-media. For example, the �rst batch of videos from Boºet¥-
chova share a resolution of only 640x360 pixels (with 220�450 kbps bitrate at 5 FPS),
and the second batch has HD resolution of 1280x720 pixels (with 800�1700 kbps
bitrate at 5 FPS). This limits the amount of detail that can be reasonably processed.

ˆ Camera position � Cameras are usually mounted in �xed positions to cover large
areas. This can result in footage captured at oblique angles, with objects like vehi-
cles or pedestrians appearing small or partially obscured. Combined with the lower
resolution, this may greatly limit the e�ectiveness of object recognition, facial recog-
nition, and other types of specialized algorithms. The camera placement may also
create blind spots, further limiting the visible area.

ˆ Sound and color � Most CCTV footage lacks audio recording due to legal restric-
tions or technical limitations [34]. Additionally, while modern systems often capture
color video, lighting conditions (e.g., nighttime or low-light settings) can reduce the
accuracy of color representation or force cameras to switch to grayscale modes, as can
be seen in �gure 2.2.
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ˆ Video length � CCTV cameras record continuously (this is the case with the footage
from Boºet¥chova) or in short bursts triggered by motion detection. The resulting �les
can range from a few seconds to hours, making it challenging to process long-duration
footage e�ciently. This means that either some algorithm capable of handling videos
of variable length, or at least some kind of data preprocessing is needed.

ˆ Frequency of important events � Tra�c-related footage often includes long pe-
riods of minimal activity interrupted by sudden events (e.g., a car going by, more
rarely an accident), this is even more prominent in night-time footage (see �gure 2.2).
This may be a major problem, since currently, a lot of state-of-the-art AI-based video
processing techniques use visual entertainment, like movies, which obviously tend to
be �lled with meaningful events, changes of scenes and dialogues, as main benchmarks
for long video understanding (see [84] and [99]). The system should be capable of ef-
�ciently �ltering out irrelevant portions of a video, while not accidentally overlooking
critical moments, to ensure meaningful analysis.

Figure 2.2: An example of night-time CCTV footage from Boºet¥chova street. The location
and angle of the camera is the same as in �gure 2.1.

2.2 Video and image processing techniques

From a certain point of view, video is nothing more than a series of still images transitioning
between one another at a certain frequency (frames per second, FPS for short), at least
as long as audio can be ignored, which is the case here (see section 2.1). Exactly for
this reason, an overview of image processing techniques is present in this section too and
located right before temporal video processing techniques, both with a special focus on
CCTV footage. In general, what separates advanced video analyzing algorithms from only
image analyzing ones (or video analyzing algorithms limited to frame-based analysis), is
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the ability to understand temporal relationships (like motion). A video search engine, or
a similar system, limited to frame-based analysis, could probably �nd a speci�ed object (e.g.,
an orange SUV) and even list the corresponding timestamp(s), but it certainly wouldn't be
able to accurately understand time-sensitive queries (e.g., an orange SUV doing a U-turn
while using its left turn signal), compared to a system based on temporal analysis.

Image processing

Image processing techniques relevant for CCTV footage range from a simple grayscale
conversion, to a cutting edge LLM-based multimodal agent (see section 3.2) answering
complex queries about the image. This summary, some parts of which are inspired by [30],
aims to introduce primarily the more common and general ones. Please note that while
these techniques are very often used in the context of processing CCTV video, the reason
they are mentioned here is that the video processing summary will be more focused on
temporal-analysis, whose input data can be also preprocessed by these techniques.

Some techniques perform operations over entire images, without the usual focus on
(speci�c) objects. Their usual goal is to prepare the image for further analysis and pro-
cessing [105]. The most basic example is probably the already mentioned conversion of
an RGB(A) image to grayscale, a process of converting each pixel from a 3-channel (4 chan-
nels when including alpha1) to a single-channel representation using a speci�ed formula2.
Similar in nature are simple preprocessing steps, like color normalization or correction,
which fall under image enhancement techniques. Considering the more complex meth-
ods, image enhancement improves visual quality through techniques like noise reduction,
sharpening, and super-resolution3. These tasks often rely on advanced CNN-based (Con-
volutional Neural Network) machine learning models. Notably, technologies like NVIDIA's
DLSS4 (Deep Learning Super Sampling) demonstrate how deep learning can upscale images
with remarkable detail in real-time [96].

Possibly more interesting are techniques that focus on the objects present in the image,
which is often already preprocessed.Object detection is a computer vision technique
that identi�es and locates objects in an image. Soft detection refers to just the detection
of the presence of an object, while hard detection includes localization of the object too.
There are multiple approaches to object detection, the two most common ones are region
proposal-based methods [24] and single-shot detection (SSD) methods [52]. Although ob-
ject detection is usually used in the context of videos, and some of these methods can be
even used in real-time (this applies more to SSD), they still don't process temporal infor-
mation. Region-based proposal methods �rst identify areas in an image that are likely to
contain objects (these are called regions of interest, ROIs for short), these regions are then
passed to a classi�er5 (usually a CNN), often followed by an additional step of re�ning the
ROIs to better align with the object boundaries. The most famous model of this type is
probably Faster R-CNN [77], which is very commonly used as a benchmark in object de-
tection. Single-shot detection methods, on the other hand, perform object localization and
classi�cation in a single forward pass through the network (unlike region-based proposal

1Alpha is an additional channel that speci�es the opacity of a given pixel.
2The most common is the NTSC formula: 0:299� Red + 0 :587� Green + 0 :114� Blue.
3The process of upscaling an image to a higher resolution, often using methods like deep learning.
4https://www :nvidia :com/en-us/geforce/technologies/dlss/
5Classi�cation is the process of assigning a class label to a data sample based on its features, such as

identifying the type of object in an image (e.g., cat, dog, car). The term �classi�er� refers to a model made
for this purpose.
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methods, that use a two-stage architecture). Their streamlined single-stage architecture
makes them much faster (which makes them the popular choice for real-time applications),
usually for the cost of sacri�cing some accuracy. An image is �rst passed through a back-
bone network (like VGG [81], ResNet [27], etc.) to extract feature maps, then divided into
a grid, where each grid cell is responsible for detecting objects whose center lies within that
cell. Each cell predicts multiple bounding boxes (called anchors) with prede�ned aspect
ratios and scales, and assigns class probabilities for the objects within those boxes. Finally,
Non-Maximum Suppression (NMS) is applied to eliminate redundant boxes, keeping only
the most con�dent detections. The most famous SSD models include YOLO (You Only
Look Once; see �gure 2.3) [75] and SSD (Single Shot MultiBox Detector) [52].

Figure 2.3: A sample output of the YOLO object detection process [104, �g. 5].

There are some speci�c methods, that can be considered special cases of object detection
specialized for a single certain type of objects. In the case of face detection (and recognition),
the object is a human face. The task involves detecting the face in an image (locating it
with a bounding box) and often identifying or verifying the identity of the person. While
face detection is just specialized object detection, face recognition goes a step further by
matching the detected face to a database of known faces [66]. In the context of CCTV
footage, face recognition is only feasible for close-up shots or footage taken with cameras
specialized for this kind of task. Given that cameras monitoring tra�c are usually placed
at a distance and from an elevated position to cover more area, face recognition may not
be a viable option. On a di�erent note, very speci�c to tra�c footage is automated number
plate recognition (ANPR) [58], also known as automated license plate recogntinion (ALPR).
This technology is used to automatically read and identify the license plates of vehicles. It is
widely used in various applications, particularly in tra�c monitoring, law enforcement, and
security systems. The process typically involves capturing (and preprocessing) an image,
detecting the license plate, segmenting individual characters, and using optical character
recognition (OCR) to read and convert them into a digital format.

Some other techniques worth mentioning are focused on objects in a di�erent way�they
separate objects from each other and from the rest of the image. These operations are often
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done in advance, to inform object detection and related tasks [67]. The most notable is
image segmentation, which splits an image into various tiny parts called segments. These
segments, usually representing objects (but the sky, or a road, etc. can be segments too),
are colored di�erently in the produced output, to easily di�erentiate between them. Image
segmentation can be classi�ed into three main categories: semantic segmentation (objects
of the same category share the same color; non-object things like the sky are included),
instance segmentation (each separate object is considered unique; non-object things are
ignored), and panoptic segmentation (like instance segmentation, but includes non-object
things). These di�erences are visually demonstrated in �gure 2.4. Another technique
similar to image segmentation is background subtraction, which extracts moving objects
and removes the rest of the image (the background).

Figure 2.4: Comparison of the di�erent types of image segmentation [61].

Temporal video processing

Temporal relations are the main factors for developing a strong understanding of content in
a video. The models capable of this kind of processing are usually vision transformers6 [19],
however, 3D CNNs, RNNs (Recurrent Neural Networks), and hybrid architectures remain
competitive in applications where computational e�ciency or smaller datasets are priorities.
Although temporal video processing is more �cutting-edge� than frame-based techniques,
processing CCTV footage may not bene�t from them that much, since the temporal com-
plexity is relatively low (cars traveling along predictable paths, pedestrians walking in
routine patterns) compared to scenarios like sports or movies.

One of the main di�erences between image and video processing is the inclusion of
an additional axis, time, to the input. There are two main approaches for extracting tokens
(discrete units of data) from a video or embedding7 a video clip [37]:

6Transformers are a type of deep learning model designed for sequential data, originally introduced
in natural language processing, that rely on a mechanism called self-attention to weigh the importance of
di�erent parts of the input sequence when making predictions. Vision transformers adapt this architecture
for image data by dividing images into patches (like words in a sentence) and processing them as a sequence,
enabling advanced understanding of spatial relationships in visual tasks.

7Converting objects or abstract concepts into mathematical representations, capturing their inherent
properties and relationships.
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ˆ Uniform frame sampling � A method of tokenizing the input video by sampling
frames at regular intervals, embedding each frame independently (using the same
methods as in image processing), and concatenating all these tokens together. While
this approach doesn't directly account for all temporal dynamics, it simpli�es the
analysis pipeline, ensures consistency in input size, and reduces the volume of data
without losing key temporal information.

ˆ Tubelet embedding � A more advanced method that extends 2D image embedding
to 3D (it corresponds to a 3D convolution), by creating �tubelets��non-overlapping
sequences of bounding boxes over multiple frames (spatiotemporal �tubes�). After
these tubes, capturing both spatial (image) and temporal (motion) information, are
extracted from the video, they get �attened to build video tokens. This means that
spatiotemporal information is fused during tokenization, instead of leaving the fusing
process to the model itself.

One of the video processing techniques worth mentioning is optical �ow, which quan-
ti�es the motion of objects between consecutive frames. Optical �ow algorithms attempt
to capture the apparent motion of brightness patterns in the image, therefore they might
exhibit too much sensitivity to lighting changes or noise in CCTV footage (although [70]
shows how successful a model consisting of a CNN and LSTM can be in those conditions).
Optical �ow-based analysis can be done using both traditional methods (e.g., Lucas-Kanade
method [54]) and machine learning methods (e.g., FlowNet [20]). Its applications in traf-
�c footage can be, for example, identifying vehicle trajectories, measuring their speed or
detecting motion irregularities, and detecting congestions or other stopped vehicles. A vi-
sualization of optical �ow (the green vectors pointing in the direction of motion) in tra�c
footage is shown in �gure 2.5.

Figure 2.5: Visualization of optical �ow in tra�c footage [25].

Other relevant techniques include using tubelet-embedded data as inputs for 3D CNNs
(like I3D [7]) or vision transformers (like TimeSformer [5]), that can be set up to per-
form di�erent types of tasks, like classi�cation or detection of some object or event. In
the case of tra�c footage, good examples might be detecting time-sensitive actions (e.g.,
illegal turns, pedestrian crossing violations), or a better understanding of vehicle interac-
tions (e.g., a vehicle avoiding a pedestrian). Worth mentioning is also action recognition,
which uses prede�ned action labels to classify events like running, waving, or jumping�this
could potentially be applied to pedestrians in CCTV footage. Another relevant method is
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extracting features from the video, and using data that consists of a timeseries of these fea-
tures as inputs for RNNs, or some of their more advanced versions like LSTM (Long Term
Short-Term memory) or GRU (Gated Recurrent Unit) [106]. Even though these recurrent
neural network architectures have been largely replaced by transformers in recent times,
they might still provide more lightweight solutions to problems that include detecting long-
term tra�c patterns, like gradual lane shifts, or predicting tra�c density and anomalies
over time.

2.3 Temporal sentence grounding in videos

Most of the information in this section is based on a recent survey by Hao Zhang, Aixin Sun,
Wei Jing, and Joey Tianyi Zhou [110]. Temporal sentence grounding in videos (TSGV), also
known as natural language video localization (NLVL) or video moment retrieval (VMR),
aims to retrieve a temporal moment that semantically corresponds to a language query
from a video. It is a relatively recent and specialized task in the �eld of machine learning
(particularly in the domains of computer vision and natural language processing), whose
inputs are a single untrimmed video and a text query (sentence) describing a particual
action, event or condition that happens somewhere in the video, and whose output is
typically a temporal interval (or multiple intervals), for example [32s, 35s] (but the
output can also contain sampled frames, etc.). Even though the main problem this thesis
discusses is localizing moments inmultiple videos, TSGV is still one of the most important
subproblems. Other problems combining vision and language contain visual grounding
(locating the most relevant object or region in an image, based on a text query), video
retrieval (given a set of videos and a text query, retrieve the most relevant video and/or rank
all the videos based on their relevance to the query), video question answering (VideoQA;
answering questions in text form about objects or events happening in a given video), and
video grounded dialogue (VideoDial; to conduct a multi-turn conversation, based on the
visual and audio aspects of a given video).

Although TSGV methods may feature various sophisticated architectures, they con-
ceptually consist of �ve to six fundamental components, as depicted in �gure 2.6. Both
the video and the text query are �rst processed by their corresponding preprocessor, the
preprocessed inputs are then converted into feature representations by the feature extrac-
tors (textual feature extractor, visual feature extractor). In the next step, the feature
encoder maps visual and textual features to the same dimension, and re�nes their feature
representations by encoding their corresponding contextual information. Following this,
the feature interactor learns cross-modal interactions between the video and query to fuse
their representations, focusing on portions of the video most relevant to the query's seman-
tics. Finally, the answer predictor identi�es the start and end timestamps of the target
moment based on the learned multimodal representations. Optionally, if a proposal gen-
eration module is used, it may produce candidate temporal segments within the video for
consideration (at various positions in the pipeline)�based on this criterion, TSGV methods
can be broadly classi�ed into two main categories: proposal-based and proposal-free ap-
proaches. Proposal-based methods (further categorized into sliding window-based, proposal
generated, and anchor-based methods) generate candidate temporal segments (proposals)
and match them with the query to localize the target moment, whereas proposal-free meth-
ods (further categorized into regression-based and span-based methods) bypass this step,
directly predicting the temporal boundaries of the target segment.
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Figure 2.6: The general pipeline of TSGV methods [110, �g. 3].

Quality datasets are essential for building and evaluating TSGV models and they typ-
ically contain a collection of videos. Each video may come with one or more annotations;
each annotation has a query corresponding to a speci�c moment in the video. Several
benchmark datasets exist, such as DiDeMo [28], which contains over 10,000 videos about
various human activities sourced from Flickr8, TaCoS dataset [76], composed of cooking
videos, or MAD [83], a large scale dataset containing 650 mainstream movies with over
1,200 hours of total video length.

Evaluation metrics for TSGV

Evaluation metrics for TSGV generally assess the overlap between predicted and ground-
truth moments, with three widely used metrics:

ˆ Mean Intersection over Union (mIoU) � Calculates the average IoU (a metric
commonly used in object detection) across all queries, where IoU is the ratio of the
intersection area to the union area between predicted and ground-truth temporal
segments (see �gure 2.7, IoU equals the length of the intersection interval divided by
the length of the union interval). The formula is:

mIoU =
1

Nq

NqX

i =1

IoU i (2.1)

where Nq is the number of queries and IoUi is the IoU for the i -th query.

ˆ Recall at n with IoU threshold m <R@n, IoU@ m > � This metric evaluates
the percentage of queries where at least one of the top-n predictions achieves an IoU
greater than or equal to m. The formula is:

R@n; IoU@m =
1

Nq

NqX

i =1

r (n; m; qi ) (2.2)

where r = ( n; m; qi ) = 1 if at least one of the top-n predictions for query qi satis�es
IoU � m, and 0 otherwise.

ˆ Discounted Recall at n with IoU threshold m <dR@n, IoU@ m >� This metric
extends R@n by applying a discount based on the temporal distance between the

8https://www :flickr :com/
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predicted and ground-truth boundaries, penalizing overlong predictions. The formula
is:

dR@n; IoU@m =
1

Nq

NqX

i =1

r (n; m; qi ) � � si � � ei (2.3)

where asi = 1 � j psi � gsi j and � ei = 1 � j pei � gei j, representing normalized temporal
distances between predicted (p) and ground-truth ( g) start ( psi ; gsi ) and end (pei ; gei )
timestamps.

Figure 2.7: A visualization of how IoU is measured in the case of videos.

2.4 Multimodal search

Another concept that is very closely related to what the system is supposed to be able to do
is multimodal search. Most people are familiar with conventional search engines that can
�nd results based on a text query, which are typically limited to matching textual content
or metadata to the input query. However, multimodal search expands the boundaries of
traditional search systems by allowing queries to span multiple modalities, such as text,
images, audio, and video, and retrieving results that align with the meaning or content
of these di�erent forms of data. Be aware that searching by any form of data other than
text does not mean that the given search system is multimodal (e.g., a system where a user
uploads an image, which is then used to search for similar images), asmultimodality refers to
the ability to handle di�erent types of data (modalities), with a key emphasis on connections
and meaning across the di�erent modalities.

The most common and e�ective approach to multimodal search is to convert the given
data of di�erent possible types into the same embedding space [36], basically �translating
them into the same language�. The embeddings, which are just (usually �xed-size) vectors
of �oating-point values, can then be compared to �nd the best match(es) given an input
embedding, and various operations can be performed on them too. In the case of this thesis,
the multimodality of the system comes from combining images and text (see �gure 2.8).
The system may have the embeddings of some frames sampled from the tra�c footage
videos saved in a database, and once a user triggers a search by inputting a text query,
the query gets converted to the same embedding space and compared to the embeddings
present in the database. The structure of embeddings, and what relationships and other
information they usually encode, will be explained later in section 3.1.
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Figure 2.8: A simple visualization of converting an image and a semantically similar text
to the same embedding space.

While mapping modalities to a shared embedding space is the most common approach
for multimodal search, alternative methods include late fusion, where features from each
modality are processed separately and combined later for decision-making, or early fusion,
which integrates raw data from di�erent modalities before processing them jointly. Fur-
thermore, metadata-driven approaches and attention-based models that dynamically link
modalities without explicit shared embeddings are also viable techniques [111].
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Chapter 3

Multimodal embedding models
and multimodal LLMs

This chapter introduces multimodal embedding models and (multimodal) large language
models (LLMs), two types of machine learning models highly relevant in modern AI research
and applications. To understand the relevance of these two types of models in the thesis'
context, it is recommended to read the beginning of chapter 5 (speci�cally section 5.1) �rst.

Section 3.1 introduces multimodal embedding models, with an emphasis on image-text
retrieval, while also explaining the structure and meaning behind embeddings. Section 3.2
dives into LLMs, including both their general overview, and a focus on their multimodal
extensions, which include multimodal LLMs capable of understanding videos.

3.1 Multimodal embedding models

Following on from section 2.4, multimodal embedding models are tools that enable the
transformation of data of various types into a uni�ed representation space. By learning
to represent and align data from multiple modalities, they can be used to perform cross-
modal tasks, such as retrieving an image using a text query or generating descriptive text
for a video. These models are also increasingly used in commercial applications, including
content search, recommendation systems and video indexing [82]. Possibly the most widely
used (standalone) multimodal embedding model is OpenAI's CLIP (Contrastive Language-
Image Pretraining, see section 4.2), which works with text and images, and shows impressive
zero-shot capabilities (performing tasks without task-speci�c �ne-tuning) [71]. Apart from
standalone models, learning (multimodal) embeddings is a crucial part of every transformer
architecture [90] and also of some other machine learning model types.

Structure of embeddings

Embeddings are compact, high-dimensional vector representations encoding the semantic
meaning of input data. Word embeddings were �rst introduced in the context of natural
language processing (NLP) around the early 2000s, and the key breakthrough came with
the development of Word2Vec by Tomá² Mikolov and his colleagues at Google in 2013 [60].
Their work started a fundamental shift in how words were represented in machine learning,
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moving away from sparse, high dimensional vector representations (like one-hot encoding1),
to dense, low-dimensional vectors that capture semantic relationships between words. Later,
transformers popularized contextualized embeddings, in which the same word can be en-
coded in di�erent ways based on context (e.g, a baseball bat versus a bat as an animal) [51].

Embedding vectors are usually 128 to 1024-dimensional vectors of �oating point (some-
times integer) values, where each dimension corresponds to a value of some latent feature
that emerges from training, so each word (or concept in general) is represented by a point
in an N -dimensional space (as previously shown in �gure 2.8). For simplicity and learn-
ing purposes, it is often suggested that the dimensions capture explicit attributes like size
(small in one direction, big in the other direction), the ability to �y, masculinity, etc., but in
reality, the individual dimensions usually don't have a clear human-interpretable meaning.
Instead, the model tries to �gure out the best way to represent words in a space where
similar words are closer together (semantic alignment), and the resulting dimensions are
a byproduct of this process [80]. Relationships in the embedding space are geometric in
nature, so metrics like cosine similairity (3.1) or Euclidean distance (3.2) can be used to
measure proximity and relevance between words based on the following formulas:

Cosine similarity(u; v ) =
u � v

kukkvk
=

P n
i =1 ui viq P n

i =1 u2
i �

q P n
i =1 v2

i

(3.1)

Euclidean distance(u; v ) =

vu
u
t

nX

i =1

(ui � vi )2 (3.2)

whereu; v are two n-dimensional embedding vectors andi is used to index their dimensions.
Vector operations demonstrate how embeddings encode analogical reasoning, a very famous
example isking � man + woman � queen(or woman is to queen as man is to king), which
is visually demonstrated in �gure 3.1.

Figure 3.1: Embeddings of words �man�, �king�, �woman� and �queen� in a 3-dimensional
space [102].

1 In one-hot encoding, each word is converted to a vector of the same length as the number of all words
in the dictionary, with a single vector component with value 1 representing the word, and the rest set to 0.
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Underlying mechanisms and training

The architecture of a (standalone) multimodal embedding model needs to have a separate
encoder for each compatible data type. An encoder is the component that processes input
data and transforms it into an embedding. Here is how encoders are usually implemented
for the two data types that are relevant for this thesis:

ˆ Text encoder � It can be a simple lookup table (e.g., Word2Vec [60]), or based
on a complex architecture of some transformer-based model (e.g., BERT [17]) that
leverages self-attention2 mechanism to generate context-aware embeddings. RNN-
based architectures (like LSTM or GRU [106]) are sometimes also used. The text is
tokenized and the tokens are mapped to dense embedding vectors, and in the case of
transformers, the attention mechanism is also used to extract contextual features.

ˆ Image encoder � Usually implemented using a CNN (e.g., ResNet [27]) or a vision
transformer (ViT [19]). In the case of ViT, the image is �rst divided into patches.
Then, convolution (CNN) or self-attention layers (ViT) are used to generate feature
maps. The feature maps are then �attened or pooled into compact embeddings.

Multimodal embedding models are typically trained using supervised, self-supervised,
or semi-supervised learning strategies. The encoders (usually a pre-trained model) for
each modality are usually �ne-tuned together to bind their latent space representations
using a contrastive loss function [78] (alternatives include triplet loss, etc.). Minimizing
contrastive loss during training essentially means that representations of similar examples
across modalities in the joint vector space are pulled closer together, while distinct examples
are pushed apart. The exact formula for contrastive loss Le Cunn came up with in 2005 [26]
is:

L (W ) =
PX

i =1

L(W; (Y;
�!
X 1;

�!
X 2) i )

L (W; (Y;
�!
X 1;

�!
X 2) i ) = (1 � Y )

1
2

(DW )2 + ( Y )
1
2

f max(0; m � DW )g2

(3.3)

where(Y;
�!
X 1;

�!
X 2) i is the i -th labeled sample pair (Y = 1 if

�!
X 1 and

�!
X 2 are considered similar,

Y = 0 otherwise), P is the number of training pairs, DW is a parametrized distance function
with parameters W , and m is a margin de�ning the threshold beyond which the distance
between dissimilar pairs is penalized.

Cross-modal retrieval

One key application of multimodal embedding models is cross-modal retrieval, where an in-
put query of some modality is used to retrieve relevant results of some other modality (see
section 2.4). For example, in image-text retrieval, a text query is used to search for relevant
images. To optimize this process, a special type of database, called a vector database, is
usually used to store the existing embeddings. These databases allow for fast retrieval us-
ing proximity-based search algorithms, even with large amounts of data. Notable examples
include the Faiss library [35] and the Milvus database [91]. Since recently, some researchers

2Self-attention is a mechanism that allows a model to weigh the importance of di�erent tokens (words)
within a sequence relative to each other when making predictions.
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are even making an e�ort to automatically re�ne user's text queries using LLMs for a more
e�cient and accurate search, as can be seen in [59].

The backbones of vector search systems are the search algorithms. As a note, all of
the following techniques are implemented in both Faiss and Milvus. The simplest search
algorithm is brute force search (normal linear search), which is slow but 100% accurate.
Approximate nearest neighbor (ANN) is a family of algorithms that aim to �nd the closest
vectors to the query vector with high e�ciency, but without guaranteeing an exact match.
They use various techniques and data structures to reduce the number of comparisons, and
their examples include HNSW (Hiearchical Navigable Small Word) and LSW (Locality-
Sensitive Hashing). Inverted File Index (IVF) is an ANN search method based on the idea
of partitioning the vector space intro clusters and associating each vector with the nearest
cluster. During search, only the most relevant clusters are examined. Overall, choosing
a search algorithm (and tuning its parameters) comes down to a trade-o� between speed
and accuracy [89].

Let's introduce the most common metrics to measure the performance of a model
performing cross-modal retrieval. All of these metrics, taken from [94, p. 23], assume that
for each input query, the model retrieves the top-k most relevant results:

ˆ Precision@k � The ratio of relevant items among the top- k retrieved items for each
query, mean Precision@k is then the average over all queries. The formula for each
query is:

P recision@k =
TP

TP + FP
(3.4)

whereTP and FP are the counts of true positives (relevant items that were retrieved)
and false positives (items that were retrieved but are irrelevant to the query) in the
top-k retrieved results.

ˆ Recall@k � The ratio of relevant items among the top- k retrieved items to the total
number of relevant items for each query, mean Recall@k is then the average over all
queries. The formula for each query is:

Recall@k =
TP

TP + FN
(3.5)

where FN is the count of false negatives (items relevant to the query, that were not
retrieved) in the top- k retrieved results.

ˆ AP@k � Average Precision at k accounts for the order of the top-k retrieved items.
For each query, it involves calculating Precision@i among the �rst i retrieved items
(k times), while gradually incrementing the value of i from 1 to k. Mean AP@k is
then the average over all queries. The formula for each query is:

AP @k =
P k

i =1 (P@i � rel (i ))
P k

i =1 rel (i )
(3.6)

where rel (i ) is an indicator function with value 1 if the i -th retrieved result is related
to query q (else 0), andP@i denotes the Precision@k metric from equation (3.4).

ˆ NDCG@k � Normalized Discounted Cumulative Gain at k is the cumulative gain
for each query, discounted by the logarithm of the rank. The gain is normalized by
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the ideal gain for each query. The formula for each query is:

NDCG @k =
DCG
IDCG

DCG =
kX

i =1

rel i

log2(i + 1)
; IDCG =

jrel jkX

i =1

rel i

log2(i + 1)

(3.7)

where rel i is the correlation degree between thei -th retrieved result and the query
sample, andjrel jk is an ideal set consisting of the top-k samples after sorting all the
retrieved samples according to the real correlation.

3.2 Multimodal Large Language Models (MLLMs)

In recent years, the �eld of arti�cial intelligence has seen a remarkable progress with the
invention of large language models, which have since demonstrated previously unseen ca-
pabilities in understanding, generating, and manipulating text. Ever since LLMs became
widely available to the public through interfaces like OpenAI's ChatGPT 3, many people
started using these models to assist them with text-based tasks in their daily lives (as
noted in the declaration, GPT-4o [63] was even used to assist with writing some parts of
this thesis [64]). However, many real-world problems don't involve just textual data, but
a combination of di�erent modalities. Multimodal LLMs (MLLMs) extend the capabilities
of traditional LLMs to processing, understanding, and reasoning across di�erent modalities,
allowing them to perform complex tasks such as visual question answering, image and video
captioning, or even being at the core of certain autonomous systems. This section begins
with a general introduction to LLMs, and then shifts focus to multimodal extensions of
their capabilities, especially in video understanding.

Large Language Models (LLMs)

An LLM is a type of generative AI model designed to process text and generate a coherent
and contextually relevant output by learning patterns and relationships between words and
concepts within large-scale text datasets. The development of LLMs required facing key
challenges of the NLP �eld, such as understanding the semantics, syntax, pragmatics, and
context in human language. Apart from a very �uent use of language, LLMs have demon-
strated remarkable semantic understanding of concepts (at least to a certain degree [79]),
which opened doors for them to be used in various applications in broad �elds like medicine,
education, and science. The two probably most important and in�uential LLMs, or rather
families of models, are GPT (Generative Pre-trained Transformer) [72] developed by Ope-
nAI and BERT (Bidirectional Encoder Representations from Transformers) [17] developed
by Google.

The ability of LLMs to perform tasks with minimal (few-shot learning) or no (zero-shot
learning) task-speci�c training is enabled by the facts that currently, these models usually
contain hundreds of thousands up to hundreds of billions of trainable parameters, and are
trained on tens of gigabytes up to several terabytes of text data [73]. These models usually
operate by predicting the next token (a word, or a comma, space, etc.) in a sequence
based on the provided context. Autoregressive models, like GPT, generate text token by
token by always predicting the next token based on the existing sequence up to that point.

3https://chatgpt :com/
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On the other hand, masked language modeling (used by BERT) is a method designed to
understand context in both directions from the currently generated token. During training,
some randomly chosen tokens are masked (hidden) by the model, and the model's goal is
to always predict the masked token based on the surrounding context. There are also other
types of LLMs, for example Sequence-to-Sequence models (e.g., BART [41]), whose goal is to
transform one sequence into another sequence, making them the usual choice for translation.
Comparison between the di�erent pre-training approaches used by these three distinct LLM
types is shown in �gure 3.2. In general, LLMs are typically trained using a multi-stage
process, which includes learning general language understanding from massive amounts of
unlabeled data (self-supervised learning; this stage is called pre-training), adapting the
model to speci�c tasks with labeled data through �ne-tuning (supervised learning), and
additional �ne-tuning based on human feedback to align the model's behavior with human
preferences (reinforcement learning) [29].

Figure 3.2: Comparison of pre-training approaches between three di�erent LLM types�
Autoencoding (Masked Language Modeling), Autoregressive (Casual Language Modeling),
and Seq-to-Seq (Span corruption4) models [15].

Basically all modern LLMs are based on theTransformer architecture introduced
by Google in the 2017 paper titled Attention is All You Need [90], which revolutionized
the NLP �eld. Transformers have the ability to capture long-range dependencies (Google's
Gemini 1.5 Pro has a context window of two million tokens)5, they o�er great scalability
and can process tokens in parallel (unlike RNNs), and contextual embeddings allow them to
have contextual understanding of words. The model architure of a transformer is shown in
�gure 3.3 and it consists mainly of an encoder and a decoder, both containing self-attention
mechanisms (the key invention regarding transformers) and traditional feedforward neural
network layers. A transformer's architecture generally consists of the following parts [6]:

4A pre-training strategy for Seq-to-Seq models, that involves masking out contiguous spans of tokens
(rather than individual tokens) in the input sequence, and the model's task is to predict the missing spans
based on the remaining context.

5https://developers :googleblog :com/en/new-features-for-the-gemini-api-and-google-ai-
studio/
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1. Tokenization � The whole text is split
into tokens (words, commas, etc.). To-
kens are usually integers representing
their positions in a prede�ned dictio-
nary.

2. Embedding layer � Tokens are con-
verted to high-dimensional vectors cap-
turing their semantic meanings.

3. Positional encoding � This is added
to the embedding layer to help retain
the order of tokens during their parallel
processing.

4. Self-attention mechanism � Weights
the importance of every input token
relative to each other, dynamically
adjusting their in�uence on the out-
put. For each token, three vectors are
calculated�query, key, and value. The
dot-product of queries with keys deter-
mines the token's relevance. The re-
sults are normalized using the SoftMax
activation function, and the attention
weights are applied to the value vectors,
producing context-aware token repre-
sentations through a weighted sum.

Figure 3.3: The original Transformer
model architecture [90, �g. 1].

5. Multi-head attention � Multiple attention heads are used to capture di�erent as-
pects of the input sequence in parallel, with each head performing self-attention in-
dependently, focusing on di�erent patterns. Their outputs are then concatenated
and linearly transformed, resulting in a better understanding of complex language
structures.

6. Feed-forward layers � They typically process each token independently, and consist
of two linear transformations, with the ReLU activation function applied between
them to add non-linearity.

7. Encoder � Processes the input sequence, producing a context-rich representation. It
involves multiple layers of multi-head attention and feed-forward layers.

8. Decoder � Generates the output sequence, by processing the encoder's output using
an additional cross-attention mechanism, connecting sequences together.

9. Output generation � Each �nal token is generated by passing the decoder's out-
put through a SoftMax layer, converting its vector representation into a probability
distribution over the vocabulary. Usually, the vocabulary token with the highest
probability is selected.
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MLLMs and Large Multimodal Agents (LMAs)

Multimodal LLMs extend the capabilities of traditional LLMs by being able to pro-
cess multiple distinct types of data (e.g., text, images, audio, video). This allows them to
perform actions that are beyond the scope of text-only LLMs, such as reasoning across dif-
ferent modalities, vision-language tasks (e.g., image captioning, visual question answering,
scene understanding), text-audio tasks (e.g., audio captioning, music and audio analysis),
or even embodied tasks in robotics, such as navigating and interacting with physical envi-
ronments [98]. Notable examples of MLLMs include LLaVA (Large Language-and-Vision
Assistant) [50], an end-to-end trained model that connects a vision encoder with an LLM
for general-purpose visual and language understanding, and OpenAI's GPT-4o [63] ('o'
stands for �omni�), which combines text, vision, and audio capabilities into one integrated
model.

The training of MLLMs usually consists of pre-training and instruction �ne-tuning (this
time involving multimodal data). However, instead of starting from scratch, a pre-trained,
instruction-�ne-tuned traditional LLM is typically used as the base model. The process of
encoding di�erent modalities was already explained in section 3.1, and multimodal embed-
ding models can be used as part of the MLLM architecture. Generally, there are two main
approaches to building MLLMs [74]:

ˆ Uni�ed embedding decoder architecture approach � Each modality is encoded
into a uni�ed embedding space, and a single decoder is used for generating outputs.
Typically easier to implement, as it doesn't require modi�cations to the LLM archi-
tecture, which has to process just one uni�ed type of tokens.

ˆ Cross-modality attention architecture approach � Employs a cross-attention
mechanism to integrate di�erent modalities directly within attention layers. Process-
ing of modalities gets integrated more deeply into the LLM architecture and can be
more computationally e�cient in some cases.

The information in this paragraph is based on a recent survey from 2024 [100]. LLM-
based multimodal agents, often calledlarge multimodal agents (LMAs) , are complex
systems that combine the capabilities of MLLMs with action-based, goal-oriented decision-
making and reasoning. They are designed to perceive their environment and make appro-
priate decisions based on observations to reach speci�c goals. They typically consist of four
basic components� perception (processing of multimodal information), planner (respon-
sible for deep reasoning about the current goal and compiling a corresponding plan),action
component (translates plans into speci�c actions, such as use of tools or interactions with
interfaces), and memory (for saving information and experiences for later use). An LLM
or an MLLM usually functions as the planner while also interacting with other components.
Some applications of LMAs include autonomous driving, robotics, and video understand-
ing. Some various examples of speci�c LMA models are LLaVA-Interactive [8] (a research
prototype of a large language-and-vision assistant) and GPT-Driver [57] (a motion planner
for autonomous vehicles).

MLLMs and LMAs in video analysis

One application of MLLMs and LMAs is understanding and processing videos. Tasks in
this domain include video captioning (generating a textual description of what is happening
in a video), temporal sentence grounding (see section 2.3), video question answering (VQA;
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answering user's questions about what's happening in a video), video summarization, action
recognition (detecting and labelling actions occuring in a video), and many more. An
exemplary model is Video-LLaVA [47], which extends the LLaVA model to process video
inputs and perform video-speci�c tasks.

Since LLMs are inherently sequential models, LLM-based video analysis models typically
don't require additional mechanisms for understanding temporal relationships, that were
introduced in the second part of section 2.2 (temporal video processing). On the other
hand, the image processing techniques from the �rst part of the same section become highly
relevant, as many video-LMAs, such as OmAgent [112] (later introduced in section 4.3), can
interact with tools, which usually include some object detection model, facial recognition
model, etc.

A major challenge with video MLLMs and LMAs is e�ectively aligning linguistic data
with video, which is a quite complicated modality. Given the complexity of videos, other
major problems are scalability and high computation costs� sampling each frame of a long
video, analyzing it (possibly also with tools like an object detector), and remembering
the information would lead to very poor performance, and the LLM's context window's
size probably wouldn't su�ce. For these reasons, current models usually have to make
signi�cant compromises, and e�ectively understanding long-form videos remains a highly
relevant challenge [95].
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Chapter 4

Existing solutions and suitable
models

This chapter explores existing solutions, by �rst introducing some end-to-end solutions of
systems tailored for very similar problems, and then shifting focus to speci�c multimodal
embedding models and MLLM-based models that were deemed suitable for the target sys-
tem. Again, to understand the roles these two types of models will play in the system, it is
highly recommended to get familiar with chapter 5, especially with section 5.1 �rst.

Section 4.1 introduces solutions of entire systems that are of similar nature to the target
system, sections 4.2 and 4.3 then serve as a theoretical introduction to speci�c models that
will be made available for use in the target system (and also some models that may not be
used, but are still worth mentioning).

4.1 Whole-system solutions

This section introduces some existing systems that have a lot in common with what the
target system should do. These similarities include searching for speci�c moments in a col-
lection of multiple videos, or searching for objects (vehicles) and analyzing tra�c footage.

Contextual Search Engine with LLM

On August 3 2023, a user with username �Jesus� published a blog post where he demon-
strated how conveniently can LLMs and other related machine learning models be used
to build a system that allows for very quick search of speci�c moments in a collection of
videos [32]. Although a blog posts may be considered too informal to serve a serious purpose
in an academic thesis, this post served as both an initial inspiration and an initial proof
that the thesis' core idea is actually feasible. The system, heavily utilizing Google Cloud
Platform services1, was built for videos of sport matches (NBA, NFL, MLS), but that serves
just as a speci�c example as the whole system is easily generalizable to other domains.

When a video gets uploaded, two main things happen�frames are sampled from the
video, which then get converted to embeddings using a multimodal embedding model (some-
times incorrectly called an MLLM by the author) and stored in a vector database, and tran-
scription of the video's audio is extracted, which is then both summarized and classi�ed
(based on sport type to optimize searching) by an LLM (these attributes are then stored

1https://cloud :google :com/docs
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with the embeddings). To search for a speci�c event, an input text query gets converted by
the same multimodal embedding model to the same embedding space, and the database is
searched fork-closest matches. The described pipeline is shown in �gure 4.1. Part of the
system is also a simple web interface that shows a picture and a similarity score for each
match, and the entire source code is public2.

Figure 4.1: Pipeline of the Contextual Search Engine with LLM system (corrected, the
original picture was taken from [32]).

VISE: Vehicle Image Search Engine with Tra�c Camera

VISE (Vehicle Image Search Engine) was presented to support fast search of similar vehicles
from low-resolution tra�c camera images [12]. An image of a speci�c vehicle is used as
an input, and the system retrieves visually similar vehicles from a vast database of tra�c
camera footage. VISE can be used to trace and locate vehicles for applications such as police
investigations even when high-resolution footage is not available. As shown in �gure 4.2,
the system consists of three components: an interactive user interface for querying and
browsing identi�ed vehicles, a scalable search engine for fast similarity search on millions
of visual objects, and an image processing pipeline that extracts feature vectors of objects
from video frames.

Figure 4.2: VISE's architecture [12].

2https://github :com/jchavezar/vertex-ai-samples/tree/main/gen_ai/video
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On a more technical level, its core relies on a multi-stage process that involves object
detection, feature extraction, and similarity-based retrieval. At �rst, vehicle objects get
detected and extracted from tra�c camera images using a Region-based Fully Convolutional
Network (RFCN) [13] with a ResNet-101 backbone, which got adopted due to its high recall
rate for object detection and high inference speeds. To represent each object based on its
semantic features rather than raw pixels, ResNet-50 [27] (which is another CNN model) is
used to extract its features as a �xed-sized vector.

For fast and scalable similarity searches, VISE uses Hiearchical Navigable Small World
(HNSW) [56], which is a K-nearest neighbor search index, to e�ciently �nd objects that
are highly-likely the same object as the input query based on cosine distance between the
corresponding feature vectors. Since the used CNN is pre-trained on general images, rather
than domain-speci�c data, additional re�nement techniques are incorporated�a custom
classi�er trained on labeled pairs is used for removing false positives, and a technique
called multi-object query is used for getting more results and avoiding false negatives (the
user inputs multiple images of the same vehicle grouped as one query, and the �nal search
result is a union of the individual search results, which improves recall).

Tra�cVLM: A Controllable Visual Language Model for Tra�c Video Cap-
tioning

Tra�cVLM is a multimodal dense video captioning model speci�cally designed for tra�c
surveillance and urban safety applications [18]. Unlike retrieval-based systems that store
and index data for later searching, this is a video captioning model which can precisely
localize and describe incidents directly within a continuous video stream at di�erent levels
of analysis, both spatially and temporally (even though it's technically a model rather
than a system, it's included in this section as it's not an interactive chatbot like models
in section 4.3). This model can not only detect tra�c events, but also generate �ne-
grained descriptions of vehicle and pedestrian interactions at di�erent phases of an event.
Tra�cVLM also introduces a conditional component to control the generation outputs, and
a multi-task �ne-tuning paradigm to enhance its learning capabilities.

Video input (the model is designed for vehicle and overhead camera views) is processed
using a two-stage feature extraction method. First, sub-global visual features are extracted
by cropping and resizing video frames to a standardized resolution, and encoding them using
the CLIP model [71] (speci�cally version ViT-L/14). These features are further re�ned
by trimming irrelevant frames and applying temporal subsampling. In the second stage
(local feature extraction), bounding boxes around pedestrians are used to crop and encode
localized features. If bounding box information is missing for certain frames, a learnable
tensor is used to �ll in missing embeddings, to ensure robust representation across all phases
of an event.

For temporal modeling, Tra�cVLM utilizes a vision transformer encoder to capture se-
quential dependencies between frames. The encoded video features are then concatenated
with conditional embeddings, allowing the model to di�erentiate between vehicle and pedes-
trian descriptions. The system uses T5-Base (Text-To-Text Transfer Transformer developed
by Google [73]) as its text decoder, which can autoregressively generate captions describing
tra�c events (object behavior, location, interactions, etc.). The decoder is trained with an
extended tokenizer that includes additional time tokens, which enables it to predict event
boundaries and textual descriptions in a single sequence.
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Additionally, a multi-task �ne-tuning approach that separates vehicle and pedestrian
captioning as individual training objectives is used to improve training e�ciency (the train-
ing loss is computed as a weighted combination of losses based on the two separate tasks).
For �ne-tuning and evaluation, the authors used the WTS dataset [38], which contains
a large amount of videos from diverse tra�c scenarios. The Tra�cVLM model has demon-
strated strong performance by ranking third on the blind test set of the AI City Challenge
2024 Track 2 [93] (an annual competition focused on applying AI models to tra�c-related
problems).

4.2 Suitable multimodal embedding models

This section introduces (image-text) multimodal embedding models that were evaluated
as suitable for the target system (most of which will be available for use in the system,
and later benchmarked in section 7.1). The reasons for why these exact models were
chosen (which include their applicability to the problem domain, computing costs, hardware
limitations, etc.) will be explained later in section 6.2. Since most models of this nature are
not exclusively limited to just generating embeddings from images and text, models that
are limited in their additional capabilities (limited to text-image similarity measurement,
classi�cation, etc.) were strongly preferred to make the system somewhat lightweight (as
opposed to, for example, loading or dissecting an entire MLLM just to use some of its
components to generate embeddings). Please note that this doesn't imply any performance
limitations, as many of the selected models (especially CLIP) are often used as the de facto
standard component for generating embeddings even in large, complex multi-modal models
or systems.

CLIP

Contrastive Language-Image Pre-traning (CLIP), introduced by OpenAI in 2021, is an
e�cient method of learning from natural language supervision [71]. Instead of being trained
to predict a �xed set of predetermined object categories, the CLIP model was trained
on approximately 400 million image-text pairs (each image has a corresponding natural
language description3) by using a contrastive representation learning approach, learning
to pull corresponding pairs closer together and unrelated pairs further apart in a uni�ed
embedding space. The authors found that the model can be generally used in various
contexts it was not directly trained for, which is supported by the fact that it achieved
remarkable zero-shot performance on various benchmarks (such as Imagenet [16], matching
the performance of the original ResNet-50 [27] that was speci�cally trained on the data [71,
�g. 5]).

The model has two main components, which were trained from scratch�a transformer-
based text encoder for embedding text, and an image encoder for embedding images (im-
plemented either by the original Vision Transformer (ViT) [19] in the better performing
CLIP versions, or by ResNet-50). If CLIP was trained using a standard contrastive learn-
ing approach, it would probably be shown triplets (�anchor�, �positive�, �negative�) where,
for example, �anchor� could be an image of a dog, �positive� could be string �Image of
a dog� , �negative� could be string �Image of a plane� , and the model would learn to

3These descriptions were not manually crafted but were instead sourced from the internet, capturing
text that naturally accompanies images, such as captions, alt text, or surrounding metadata.
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minimize the distance between �anchor� and �positive� while maximizing the distance be-
tween �anchor� and �negative�. In reality, CLIP optimizes and generalizes this approach by
using a multi-class N-pair loss. Given a batch ofN image-text pairs, an (N � N ) similarity
matrix is constructed, where each row corresponds to an image embedding and each column
corresponds to a text embedding, as visualized in �gure 4.3 (1). The model then learns to
maximize the cosine similarity of the N corresponding pairs (found on the diagonal), while
minimizing the cosine similarity of the embeddings of the remaining(N 2 � N ) incorrect
pairings.

Figure 4.3: Architecture overview of CLIP [71, �g. 1].

It is also worth mentioning that since its original release in 2021, countless new variations
or extensions of CLIP have been introduced. For example, OpenCLIP [11] is an open-source
reproduction of CLIP, often used to create CLIP-like models �ne-tuned for speci�c domains,
and X-CLIP [55] is a minimal extension of CLIP for video, created for video-text retrieval.

ALIGN

ALIGN ( A L arge-scaleI maGe and N oisy-text embedding) is a vision-language model
introduced by Google Research (shortly after OpenAI introduced CLIP) in 2021 [33]. It's
very similar to CLIP, but di�ers in some key ways primarily related to the training data.
This model has been trained on� 1:8 billion (noisier and weakly �ltered) image-text pairs
massively scraped from the internet, as opposed to CLIP, whose4:5 times smaller dataset
was more carefully curated. The two models, which share the same contrastive learning
approach, achieve comparable performance on most benchmarks [33, tab. 1, 4, 5], with
some scenarios favoring ALIGN's quantity-focused approach, and some scenarios favoring
CLIP's quality-focused approach. ALIGN also shares the same dual-encoder architecture,
but uses E�cientNet [86] as the image encoder, and BERT [17] as the text encoder, both
of which are Google's own models (and again, both encoders were trained from scratch).

SigLIP

SigLIP (Sigmoid Loss for Language-Image Pretraining) was introduced by Google Research
in 2023 as an improvement over CLIP [107]. It is based on CLIP, but replaces the original
loss function by a simple pairwise sigmoid loss. Unlike standard contrastive learning with
softmax normalization, the sigmoid loss operates solely on image-text pairs and does not
require a global view of the pairwise similarities for normalization, which leads to more
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stable training dynamics not dependent on batch composition and size, as the image-text
pairs are processed independently without the need for negative (incorrect) pairs.

Even though SigLIP outperforms CLIP on multiple benchmarks including ImageNet-
1k [107, tab. 3], the lack of contrastive hard negatives in training may lead to slightly
weaker discrimination between similar classes. Since this thesis focuses on tra�c footage,
and concepts like �hatchback� and �sedan� could probably be considered very similar given
that both of these models are general-purpose (domain independent), the comparative
benchmarks of these models in this domain (see section 7.1) may yield interesting and
unpredictable results.

BLIP

BLIP (Bootstrapped Language-Image Pre-training) is a vision-language model introduced
by Salesforce Research in 2022 [44]. Unlike the other models previously introduced in this
section, BLIP is much more than just an embedding model, as it can perform various
multi-modal tasks including visual question answering (VQA), image-text retrieval (and
image-text matching), and image captioning. Its architecture, referred to as Multimodal
mixture of Encoder-Decoder (MED), allows it to function both as a unimodal encoder
(like the previously introduced models), and as a generative model for text generation. It
consists of a vision transformer for image encoding, and a BERT-based text encoder/de-
coder. Unlike the previous models that rely on large (and often noisy) web datasets, BLIP
introduces a Captioning and Filtering (CapFilt) mechanism, where a synthetic caption
generator creates additional text descriptions, and a �lter is used to remove noisy text to
improve training data quality. BLIP was pre-trained using three objectives: Image-Text
Contrastive loss (ITC) for representation learning, Image-Text Matching loss (ITM) for
�ne-grained alignment, and Language Modeling loss (LM) for text generation.

The only component of BLIP that will be used in the target system is its feature
extractor (for both images and text), which by itself still follows a dual-encoder architecture.
While the ITC loss is similar to that of the previous models, BLIP's main di�erences (apart
from the used encoders) stem from the use of ITM loss, which goes beyond contrastive
similarity by learning whether a matched pair is truly related (in the form of a binary
classi�cation task), and from the utilized CapFilt mechanism. BLIP managed to outperform
both CLIP and ALIGN on certain image-text retrieval benchmarks [44, tab. 5, 6], while
requiring much less training data.

Cloud API services

As an alternative to running multimodal embedding models locally, many large tech com-
panies provide cloud API services o�ering remote access to their latest state-of-the art
models (for reference, Google's cloud services were utilized by the �rst solution listed in
section 4.1). These services include Google Cloud Vertex AI4, Microsoft Azure AI 5, Ama-
zon Bedrock6, and others. In most cases, these are closed-source models, such as Amazon
Titan Multimodal Embeddings model G16, and these API services are the only way to use
them.

4https://cloud :google :com/vertex-ai/generative-ai/docs/embeddings/get-multimodal-
embeddings

5https://learn :microsoft :com/en-us/azure/ai-services/computer-vision/how-to/image-
retrieval

6https://docs :aws:amazon:com/bedrock/latest/userguide/titan-multiemb-models
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