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Abstract

Anomaly and violence detection in human monitoring is a critical area of research with
wide-ranging applications in surveillance, healthcare, and human-robot interaction.
These tasks involve identifying rare, context-dependent events, often in the absence of
labeled data. Recent advances in Vision-Language Models (VLMs) have introduced
promising tools for learning from multimodal content without supervision. However,
existing contrastive VLMs such as CLIP rely on massive image-text datasets and are
not designed for one-class learning, making them unsuitable for small-scale anomaly
detection. On the other hand, generative VLMs, while capable of semantic interpre-
tation, inherit social and contextual biases from large language models, limiting their
reliability in sensitive applications such as violence detection.

To address these limitations, this thesis proposes an improved contrastive VLM ap-
proach that enables multimodal self-supervised learning for anomaly detection when
only a small amount of normal data is available for training. To this end, we first ad-
dress the limitations of existing methods in anomaly detection by introducing CMSSL-
AD (Cross-Modal Self-Supervised Learning for Anomaly Detection), a contrastive
VLM method designed for one-class learning in human monitoring. It maximizes mu-
tual information between image and text views, capturing context-dependent patterns
without relying on anomaly labels. This framework improves the structural coherence
of normal samples by aligning multimodal representations during training.

Then, we propose M3VAD (MultiModal MultiView Self-Supervised Learning for
Anomaly Detection), a method that extends this contrastive paradigm by incorporating
both multimodal and multiview objectives. The multimodal objective enhances align-
ment between image and text to improve the clustering of normal behavior, while the
multiview objective increases representation consistency within each modality. When
trained under constrained conditions on real-world anomaly datasets, M3VAD outper-
forms CNN-based and ViT-based CLIP variants, achieving ROC-AUC improvements
of up to 0.174.

Building on the same vision-language modeling perspective, the final contribution
of this thesis focuses on violence detection. To address the limitations of genera-
tive VLMs in sensitive classification scenarios, this thesis introduces VIVID (Vision-

Language Integration for Violence Identification and Detection), a retrieval-augmented



framework for zero-shot violence detection. Instead of relying solely on generative
outputs, VIVID incorporates external definitions of violence through a context-aware
retrieval mechanism. These definitions are then aligned with the visual content dur-
ing inference to support accurate classification. The method also includes a keyframe
reordering step to prevent semantic loss during representation. Without task-specific
fine-tuning, VIVID achieves the highest F1-score among generative VLM-based mod-

els on four out of five benchmark datasets, with performance gains of up to 0.131.

In summary, this thesis presents a unified framework for anomaly and violence
detection in human monitoring using contrastive and generative VLMs. CMSSL-AD
and M3VAD enable multimodal contrastive learning under limited supervision, en-
hancing detection accuracy in one-class scenarios. VIVID extends generative models
with retrieval-based reasoning to support bias-aware zero-shot violence classification.
Together, these contributions advance the state of multimodal learning by improving
robustness, interpretability, and generalization in both general and sensitive monitoring

settings.
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Chapter 1

Introduction

1.1 Background

Anomaly detection is a critical area of research in human monitoring and visual content
analysis, with applications in public safety, healthcare, and human—robot collaboration
[10-13]. The goal is to identify behaviors or patterns that deviate from expected norms,
under conditions where anomalies are rare, context-dependent, and difficult to label.
In practical scenarios such as surveillance systems, early and accurate detection of
abnormal events can enable timely intervention and reduce risk.

A particularly important case of anomalies involves violent behaviors, such as
physical assaults or aggressive encounters [14]. Although these events are sparse
and ambiguous, they can have serious consequences in safety-critical settings. From
a technical perspective, detecting such instances presents similar challenges to gen-
eral anomaly detection: limited data, high intra-class variation, and the need for fine-
grained contextual understanding [15].

Recent advances in Vision Language Models (VLMs) offer a promising paradigm

for addressing these challenges by jointly learning from visual and textual information.



VLMs integrate visual and language modalities into shared representation spaces, al-
lowing models to capture semantic relationships and contextual dependencies that are
often difficult to infer from visual data alone [16]. Rather than relying solely on super-
vised learning or single-modality self-supervised learning, VLMs incorporate diverse
training strategies such as contrastive alignment, masking, generative modeling, or
pretrained backbone mappings. This flexibility has enabled VLMs to achieve strong
performance across various vision-language tasks, including classification, captioning,
retrieval, and complex reasoning. In human monitoring contexts, VLMs are particu-
larly attractive due to their potential to handle limited supervision, support semantic
interpretation, and enhance generalization across diverse scenarios.

Among the different VLM paradigms, two families are particularly relevant for hu-
man monitoring tasks addressed in this thesis. Contrastive VLMs, such as CLIP [8],
align paired image-text data using contrastive objectives, learning a joint embedding
space in which semantically related visual and textual inputs are close together. This
virtue makes them promising for tasks like anomaly detection. However, they typically
require large-scale datasets and are not designed for one-class learning, which limits
their applicability in small-scale scenarios. In contrast, generative VLMs, such as
BLIP-2 [17] and InstructBLIP [18], process visual inputs and generate textual outputs
using a large language model (LLM). These models are designed to interpret and de-
scribe visual content. They are well-suited for tasks such as violence detection, where
semantic understanding and interpretability are essential. However, they often inherit
social and contextual biases from their language components, making their outputs less
reliable in sensitive environments [19, 20].

This thesis builds on these observations to investigate contrastive and generative
VLMs as complementary tools for detecting anomalies and violence in human moni-

toring. Despite the growing use of VLMs in vision-language tasks, their application to



human monitoring remains limited by challenges in context reasoning, data scarcity,

and ethical reliability. These limitations are examined in the following section.

1.2 Motivation

Human monitoring tasks such as anomaly detection and violence detection remain
highly challenging due to the rarity, ambiguity, and context sensitivity of the events of
interest [20-23]. In both domains, behavior that may seem abnormal or threatening
in one setting may be entirely acceptable in another. For example, taking someone
else’s bag may appear inappropriate or suspicious in a workplace, especially if the
individuals are not closely acquainted. In contrast, the same action may be entirely
normal within a household, such as when a family member picks up a spouse’s or
sibling’s belongings. This fact illustrates how identical actions can be interpreted very
differently depending on social roles and situational context [14]. These subtleties
demand models that go beyond surface-level appearance and incorporate contextual
understanding into behavior recognition.

An important challenge in anomaly and violence detection is the limited availabil-
ity of annotated data. Anomalies are unpredictable and often cannot be comprehen-
sively labeled in advance, including violent incidents, which are infrequent, difficult
to document, and ethically sensitive, which further complicates dataset construction.
This scarcity constrains the applicability of conventional supervised approaches and
highlights the need for models that can generalize from unlabeled data. Furthermore,
both domains require systems that can reason about context to differentiate between
benign and unexpected behaviors that may appear visually similar.

In anomaly detection, reconstruction-based approaches, such as autoencoders and

generative models, often fail to capture local irregularities or relational context within



a scene [6,24-30]. Other methods that rely on unimodal pre-trained visual features
struggle to generalize across diverse settings [4,6,31]. More recently, VLMs such as
CLIP [8] have shown promise in learning robust multimodal representations by align-
ing image and text features. However, these models require large-scale paired datasets
and are not designed for situations where only normal data is available in limited quan-
tity. These constraints limit their applicability to real-world anomaly detection settings
characterized by small-scale and one-class learning conditions.

In violence detection, conventional methods relying on handcrafted features or su-
pervised visual classifiers have limited robustness across varying environments, cam-
era angles, and video resolutions [32-37]. Deep learning models have improved per-
formance by learning directly from visual data [15,38—41], yet they remain constrained
by the scarcity and censorship of violent content. The diversity of violent actions and
the ethical concerns surrounding their depiction further restrict dataset availability, re-
ducing generalizability in practical deployments.

Generative VLMs, such as BLIP-2 and InstructBLIP [17, 18], offer a promising
alternative by allowing models to produce natural language descriptions of visual con-
tent. This capability is particularly useful for tasks like violence detection, where
interpretability and semantic reasoning are crucial. However, generative VLMs inherit
biases from their pretraining data and language models [19,20]. As a result, they may
misclassify complex or socially sensitive scenes. For instance, a VLM might label a
video of a police officer restraining a suspect as non-violent due to encoded assump-
tions about authority, even though the scene involves physical force that may reason-
ably be interpreted as violent [14]. Such misinterpretations highlight the importance of
improving contextual reliability and ethical sensitivity in vision-language modeling.

Taken together, these challenges point to the need for vision-language approaches

that address shared problems in human monitoring while adapting to task-specific con-



straints. This thesis is motivated by the goal of developing VLM-based methods for
anomaly and violence detection that operate effectively under limited supervision and

in context-sensitive settings.

1.3 Related Works

1.3.1 Anomaly Detection
1.3.1.1 Traditional Methods: Classification, Reconstruction, and Clustering

Research in anomaly detection has relied on three main methodological paradigms:
classification-based, reconstruction-based, and clustering-based approaches.

Classification-based methods aim to learn classifiers from labeled training data
and assign test data to either normal or anomalous categories. Multimodal exten-
sions of these methods have demonstrated improved performance over unimodal vari-
ants [21-23], but typically rely on pre-trained unimodal feature extractors. As a result,
they fail to model contextual dependencies across modalities. A notable exception is
CMAD [42], which learns to align representations across modalities to detect cross-
modal inconsistencies. However, CMAD requires labeled training data, which limits
its usefulness in real-world anomaly detection settings where anomalies are rare and
diverse.

Reconstruction-based methods detect anomalies by measuring reconstruction er-
rors. Techniques based on autoencoders [24-27] and GANs [28-30,43,44] can detect
visual anomalies but struggle with local or contextual variations. More recent work has
applied self-supervised inpainting frameworks [6, 45] that reconstruct missing image
regions to learn contextual information. GIAD [6], for example, improves contextual

sensitivity by masking and restoring semantically salient regions. However, it does not



incorporate language information and therefore cannot leverage cross-modal seman-
tics.

Clustering-based methods group normal training data and detect outliers based
on their deviation from learned clusters [46—49]. Some approaches use hierarchical
clustering, e.g., BIRCH [50], and deep captioning features [5] to detect region-level
anomalies [4,31]. While effective, these systems rely on unimodal pre-trained models,
e.g., VGG-16 [2], Word2Vec [3], that may lack coherence across modalities. This mis-
alignment limits their ability to capture joint visual-linguistic context, which is often

crucial in human behavior analysis.

1.3.1.2 Contrastive Vision-Language Models

SSL allows models to learn useful representations without relying on labeled train-
ing data. Among SSL techniques, contrastive learning methods have been particularly
influential, including unimodal approaches such as SImCLR [51], NNCLR [52], and
CURL [53]. These models optimize embeddings by bringing semantically similar ex-
amples (positive pairs) closer together and pushing dissimilar ones (negative pairs)
apart. While effective at learning unimodal representations, whether visual or linguis-
tic, these methods fail to account for multimodal contextual information critical in
human monitoring applications [54].

VLMs, such as CLIP [8] and ALIGN [55], extend contrastive learning to multi-
modal settings. These models learn joint representations by aligning image and text
embeddings using large-scale paired datasets, e.g., CLIP is trained on 400 million
image-text pairs. Their semantic alignment capabilities offer potential advantages in
anomaly detection, where interpreting context and context-dependent visual-linguistic

relationships is essential. However, their effectiveness depends heavily on the scale



and diversity of training data.

These large-scale models are not well suited for domain-specific or small-scale sce-
narios,which are typical of anomaly detection in surveillance or healthcare contexts.
Even in one-class learning settings, where only normal data is used for training, ac-
quiring enough diverse samples remains a challenge. Moreover, contrastive VLMs are
trained for broad visual-linguistic alignment using large-scale paired data, but they are
not optimized to model the contextual dependencies or structured relationships within
individual scenes typically needed for anomaly detection.

Some recent works have attempted to adapt contrastive SSL to smaller-scale do-
mains. For example, ScatSimCLR [7] replaces the standard encoder with a handcrafted
invariant network and trains a small adapter module, improving sample efficiency.
Yuan et al. [56] introduce multimodal contrastive objectives and tag supervision, but
focus only on visual representation learning. These approaches demonstrate promis-
ing adaptations of contrastive frameworks but do not fully exploit the joint semantic

representations available through vision-language alignment.

1.3.2 Violence Detection
1.3.2.1 Traditional and Deep Learning Methods

Violence detection has traditionally relied on manual feature extraction methods, which
isolate spatial, temporal, or spatiotemporal characteristics from video data to classify
scenes as violent or non-violent [32-37]. Spatial features capture static properties
such as body pose or the presence of weapons, while temporal features analyze mo-
tion patterns over time, including sudden gestures or physical contact. Spatiotemporal
approaches integrate both types to recognize complex interactions across frames. Al-

though these handcrafted features are interpretable, their performance often suffers in



diverse real-world settings due to variation in camera angles, environments, and video
quality.

Deep learning methods have improved over traditional approaches by learning spa-
tiotemporal patterns directly from raw video data [15,38—41]. Convolutional and recur-
rent neural networks are commonly used to capture local appearance and long-range
temporal dependencies, allowing for more flexible representations of violent behavior.
Despite these advances, deep models face persistent challenges. Violence is inherently
rare and context-sensitive, and the limited availability of annotated video datasets con-
strains model generalization. Furthermore, collecting violent footage for training is
complicated by legal, ethical, and censorship-related concerns, which further reduce
data diversity and scale.

As a result, even high-capacity models trained in supervised settings may overfit
to narrow definitions of violence and fail to adapt to novel scenes, context-dependent
interactions, or varying cultural interpretations of aggression. These limitations moti-
vate the exploration of alternative approaches that combine visual understanding with
semantic reasoning and contextual flexibility, gaps that vision-language models may

help address.

1.3.2.2 Generative Vision-Language Models

Generative VLMs represent a promising direction for violence detection due to their
ability to describe visual content using natural language and to provide interpretable
outputs. These models integrate visual encoders with LLMs and generate captions or
textual reasoning based on visual inputs. Their semantic expressiveness offers poten-
tial advantages in domains where both accurate classification and interpretability are

essential.



Recent generative VLMs, such as BLIP-2 [17], InstructBLIP [18], and X-InstructBLIP

[57], bridge the modality gap between vision and language by using a Querying Trans-
former (Q Former [17]) to connect frozen image encoders with LLMs. BLIP-2 intro-
duces this architecture to enable language-based reasoning from visual inputs with-
out extensive retraining. InstructBLIP [18] extends the framework through instruc-
tion tuning, improving the model’s ability to follow natural language prompts. X-
InstructBLIP [57] builds on this improvement by incorporating cross-modal alignment
mechanisms that support more general visual tasks, including video input, with mini-
mal modality-specific adjustment.

Other models have been proposed to explicitly handle video-based generative tasks.
Video LLaMA [58] introduces a dual-branch architecture that converts both video
frames and audio signals into structured queries interpretable by LLMs, enabling mul-
timodal temporal understanding. Video LLaVA [59] extends image-based vision lan-
guage alignment to video by creating a unified feature space from sequential frames,
which is then used for the subsequent instruction. LLaMA VID [19] represents each
video frame using two complementary tokens, one for scene-level context and the other
for detailed visual content, allowing the LLM to reason across both types of informa-
tion simultaneously.

While generative VLMs offer interpretability and flexibility, they also present im-
portant limitations. First, they reflect pretraining biases from large-scale Web corpora,
which can encode social and cultural assumptions that distort the interpretation of sen-
sitive actions. Second, safety constraints designed to prevent the generation of harmful
or inappropriate content can suppress relevant information. For instance, a VLM might
label a video of a police officer restraining a suspect as non-violent due to encoded as-
sumptions about authority, even though the scene involves physical force that may rea-

sonably be interpreted as violence [14,20]. Third, fine-tuning bias occurs when LLMs



are aligned too closely with specific video datasets during training, limiting their abil-
ity to generalize to unfamiliar or divergent scenarios [19]. These limitations highlight
the need for models that are semantically expressive, ethically aware, and capable of
context-sensitive violence detection.

Taken together, these prior works highlight both the progress and the limitations of
current approaches to human monitoring. Traditional and deep learning methods often
struggle with the complexity of context-dependent behaviors, especially under condi-
tions of limited supervision. While contrastive and generative VLMs offer promising
tools for capturing semantic and multimodal information, they remain constrained by
data requirements, representational biases, and generalization gaps. This thesis builds
on these insights to develop contrastive and generative VLM-based methods that are

tailored to the practical and ethical challenges of anomaly and violence detection.

1.4 Our Contribution

This thesis develops complementary contrastive and generative VLM approaches for
detecting anomalies and violence in human monitoring scenarios, where behaviors
are context-dependent, data is scarce, and interpretability is critical. To address these
shared challenges, we propose three VLM-based methods that leverage the joint mod-
eling of visual and language data to support context-aware, data-efficient, and inter-
pretable detection in low-resource and ethically sensitive settings.

First, we propose Cross-Modal Self-Supervised Learning for Anomaly Detection
(CMSSL-AD) [60], a contrastive VLM approach that improves representation learn-
ing in settings where only normal behavior is available for training. CMSSL-AD
maximizes mutual information between visual and textual features to enhance cross-

modal alignment and capture scene-level semantics. Designed specifically for one-

10



class anomaly detection, it enables context-aware feature learning from limited unla-
beled data by leveraging caption-guided supervision within a contrastive framework.

Building on this foundation, we introduce Multimodal Multiview Self-Supervised
Learning for Anomaly Detection (M3VAD) [61], an enhanced contrastive VLM method
that incorporates multiview learning objectives in addition to multimodal alignment.
M3VAD jointly optimizes visual-textual correspondence and intra-modal consistency,
improving both the clustering of normal instances and the robustness of learned fea-
tures. It also introduces a novel anomaly scoring function that integrates prototype-
based distance with cross-modal similarity, enabling more reliable detection in real-
world small-scale scenarios.

Finally, we present VIVID (Vision-Language Integration for Violence Identifica-
tion and Detection) [62], a generative VLM framework for interpretable violence de-
tection. VIVID integrates vision-language models and large language models with
an external knowledge base through a retrieval-augmented context mechanism, en-
abling contextual reasoning without task-specific fine-tuning. By comparing visual in-
puts with semantically grounded definitions of violence, VIVID produces explanation-
driven outputs while mitigating inherited, safety-induced, and modality-alignment bi-
ases that affect generalization in socially sensitive situations.

Together, these contributions demonstrate how contrastive and generative VLM
paradigms can be tailored to address the shared demands of anomaly and violence
detection. Through extensive evaluation across multiple datasets, this thesis advances
a unified framework for semantic reasoning in human monitoring under practical and

ethical constraints.
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1.5 Thesis Organization

The rest of the thesis is organized as follows. In Chapter 2, we delve into cross-modal
self-supervised feature extraction for anomaly detection in human monitoring, pre-
senting an overview, the problem formulation, and our proposed method, followed by
detailed experimental results and a summary. Chapter 3 addresses detecting anomalies
in human monitoring based on multimodal multiview self-supervised learning. This
chapter includes an overview, the problem formulation, the proposed method with
multimodal objectives and anomaly score calculation, and comprehensive experiments
including datasets, experimental setup, results, an ablation study, and a concluding
summary. Chapter 4 explores leveraging vision language models for understanding
and detection of violence in videos. This chapter covers the problem formulation, the
proposed method, including key-frame selection and violence detection mechanisms,
and detailed experiments, followed by a summary. Finally, Chapter 5 presents the

conclusions of the thesis and discusses potential future work based on the findings.
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Chapter 2

Cross-Modal Self-Supervised Feature
Extraction for Anomaly Detection in

Human Monitoring

2.1 Overview

This chapter addresses the problem of context-sensitive anomaly detection in human
behavior monitoring, building on the challenges outlined in Section 1.2. While anomaly
detection has broad applications in surveillance, healthcare, and human—robot interac-
tion, existing methods often rely on unimodal representations and struggle to capture
contextual relationships across modalities.

As reviewed in Section 1.3, traditional classification, reconstruction, and clustering
approaches face notable limitations in real-world settings, especially when anomalies
are rare, ambiguous, and dependent on scene context. Multimodal anomaly detection

methods have emerged to address these limitations, but many of them still depend on
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unimodal pre-trained features, which may fail to yield coherent visual and linguistic
representations. For instance, recent methods that combine image features and caption
texts [4,31] do not model cross-modal interactions directly, limiting their ability to
learn semantically grounded anomaly representations.

To overcome these challenges, this chapter introduces Cross-Modal Self-Supervised
Learning for Anomaly Detection (CMSSL-AD), a contrastive VLM that jointly trains
visual and textual encoders to maximize mutual information between modalities. By
leveraging unlabeled data and aligning features across modalities, CMSSL-AD im-
proves context-aware representation learning. This enriched feature space is then used
to enhance clustering-based anomaly detection, enabling more accurate identification

of unexpected behaviors in complex monitoring scenarios.

2.2 Problem Formulation

We adapt the target problem of Hatae et al. [31] to anomaly detection at the image
level. Let the image be H; with i = 1,...,1, where [ is the total number of images.
The j-th region caption C; ; of H; is extracted as in [4,31, 54], using region captioning
with Densecap [5]. We define an image caption as C; = CONCAT(C; y,...,C; s), with
j=1,...,J, where J is the number of region captions.

We tackle the problem as a one-class anomaly detection task, i.e., where there
are only normal data during the training phase, as in [4,31, 54]. We define the train-
ing data as D" = {(H;,Cy,y1),...,(H,,Cy,y,)}, which only contains normal ex-
amples y; = 0,i = 1,2,...,n, where n is the number of training images. y; and y;
are the class labels given to the corresponding image-caption pair. Label O repre-
sents the normal class while 1 the abnormal class. We use the test data defined as:

D = {(H],C*1,y}),...,(H},,C*,,y5)}, where m is the number of test examples.
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D™t contains normal and abnormal examples y* € {0, 1}. Intuitively, an anomaly is an
image-caption pair (H;,C*;) never observed in the training data (y; = 1).

We intend to detect the following kinds of anomalies.

* An anomalous object [31] represents an object highly dissimilar to the objects

in the training data.

* An anomalous action [31] represents an action highly dissimilar to the actions

in the training data.

* An anomalous position [31] represents objects located at a highly unlikely po-

sition in the training data.

* An anomalous background [63] is an action or an activity which is allowed in

one area but forbidden in another.

These contextual anomalies refer to individual anomalous instances situated in a
specific context given by the interactions between humans and objects. Therefore,
addressing the challenge of capturing contextual information is crucial in anomaly
detection tasks. We adopt, as evaluation measures, the area under the ROC curve
(ROC-AUC), the area under the precision-recall curve (AUPRC), the F1 score, and the

number of false positives/negatives (FP/FN).

2.3 Proposed Method

2.3.1 Overview

Our method consists of two steps: relating modalities and learning an anomaly detec-

tor. In the first step, we train a cross-modal feature extractor using contrastive SSL
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Figure 2.1: The architecture of the CMSSL-AD training.

(CMSSL-AD). In the second step, we follow Hatae et al. [31] by using BIRCH [50] to
create a CF tree to model contextual information across modalities. Figure 2.1 shows

the architecture of the CMSSL-AD training.

2.3.2 Relating modalities

As backbones of CMSSL-AD, we use two neural network-based encoders: f(-) and
g(+) for the visual and language modality, respectively, both of which extract vector
representations. In Eqgs. (2.1) and (2.2), v and v; are visual and language feature
vectors, respectively, and ©f and ©, are their parameters. We transform caption C;
into a vector using a pre-trained function o(-), which extracts contextual information
from text sentences. This vector is processed by g(-), obtaining the final language

embedding v; which is directly comparable with visual embedding v; in the feature
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space.

Vi = f(H,';@f) (2-1)

V= g(OC(C,‘);®g) (2.2)

As the primary loss function, we use the normalized temperature-scaled cross-
entropy loss (NT-Xent loss) function [51] because minimizing it also guarantees max-
imizing a lower bound on the mutual information between the input and the represen-
tation [64]. To apply the NT-Xent loss to a multi-modal scenario, we propose to adapt
it by creating mini-batches which contain samples of both modalities. Since the objec-
tive is to maximize the mutual information between modalities to learn the contextual
information across them, we relate both modalities in the loss function and propose
to calculate it by defining an anchor as a sample of the visual or language modality
(modality anchor) when the positive example is its modality counterpart. That is, if
the image is the anchor, then the positive example is its caption, and vice versa. As
negative examples, we use all the other images and captions in the mini-batch that do

not correspond to the modality anchor.

sim(zk‘zl)
e T

0(zy,2;) = —log (2.3)

sim(zk.zq)

2N
Yoo Ljgee =

In Eq. (2.3), sim, N, and 1 represent the cosine similarity function, the number
of image-caption pairs in the mini-batch, and the indicator function, respectively. T is
a temperature parameter which allows scaling the cosine similarities between modal-
ities. It is proved by Chen et al. [51] that a projection head is beneficial to define the
contrastive loss. Thus, for a positive pair of examples (v;V;), the loss function is

calculated over its projections into lower-dimensional space z; and z;. The final loss
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LNT xent 1s computed across all positive pairs, both (z;2;) and (z;;2 ), in @ mini-batch

as is shown in Eq. (2.4).

N
ENT Xent = Z (zk,2;) + 0(2;,2¢)] (2.4)

Existing contrastive learning methods critically rely on specific data augmenta-
tion to favor certain sets of features over others [64]. In traditional unimodal ap-
proaches [51-53], a positive sample is the one which belongs to the same distribution
as the anchor, while the negative sample has a different distribution. These character-
istics can be guaranteed by selecting the data augmentations. However, when using
multi-modal data, it is not possible to control the distribution of positive or negative
examples because the distribution is given by the modality itself. Thus, we need an
additional loss which minimizes the distance between the two probability distributions
in the feature space. We propose to use the Jensen-Shannon divergence [65] as the
loss [66,67], which is a symmetrical similarity measure between the two distributions.
This means that the value of image embeddings distribution P from text embeddings
distribution Q is highly similar as Q from P in the mini-batch. The JS-divergence is

defined in Eq. (2.5), where KL represents the Kullback-Leibler divergence [68].

1 P P
LJs—2<KL{PH +Q} KL[QH +QD 2.5)

The primary and secondary loss functions are combined into a global loss £ as is

shown in Algorithm 1, in which the factor v is the weight for the Jensen-Shannon loss.
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Algorithm 1: SSL-FE’s main learning algorithm.

Require: batch size N, constant T
1: for sampled minibatch {Hy, C}Y_, do

2: forallke{l,... N}do

3: // Visual modality

4: vi = f(Hg)

5: zi = p(Vk)

6: // Language modality
7: vi = g(o(Cy))

8: z1=p(vi)

9:  end for

10:  Define ¢(zx,2;) as in Eq. (2.3)

11:  Compute Ly7_xens Via Eq. (2.4)

12:  Compute L£;s via Eq. (2.5)

13 L =LN7—xem +YLs

14:  Update networks f, g, and p to minimize £
15: end for

16: return encoder networks f(-), g(+)
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2.3.3 Learning an anomaly detector

Different from Hatae et al. [31], which uses a concatenation of unimodally pre-trained
features, we combine the modality features extracted by the CMSSL-AD in step one.
The cross-modal feature vector F is created by concatenating the modality features vy
and v;, which were trained simultaneously. In Eq. (2.6), the symbol || represents the

concatenation operator.

Fi = Vi H A7} (2'6)

A cross-modal feature vector F is judged anomalous if its distance to the closest

cluster in the CF tree is greater than a predefined threshold ¢ [4,31].

2.4 Experiments

2.4.1 Datasets

In the first step, we train our CMSSL-AD with the Conceptual Captions dataset [69].
In the second step, we evaluate the performance of our anomaly detection method
on two real-world datasets: Human Activities Monitoring (HAM) [4] and Behavior

Monitoring (BM) [63].

Conceptual Captions dataset [69] contains 3.3 million images with weakly-associated
descriptive captions, which were automatically collected from the WWW by taking as
caption the Alt-text HTML attribute. Each image contains only one caption. The
dataset has 51201 total unique words in the captions. The average number of words

per caption is 10.3, the median and the standard deviation are 9.0 and 4.5, respectively.
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The training and validation split consists of 3 318 333 and 15 840 image-caption pairs,

respectively.

HAM [4] was constructed from video clips taken by a mobile robot which patrolled
around several designated positions in a room. This dataset includes various anomalies,
such as a girl riding a bike, and a man holding a teddy bear or a bag belonging to
another person. The training data was divided into two parts. The first part contains
11777 image-caption pairs. They were collected over three days, during which the
robot patrolled around three different spots in the room. The second part contains
22 318 image-caption pairs. They were collected over six days, during which the robot
patrolled around six different spots in the room. The training split contains 34 095
image-caption pairs corresponding to nine days of monitoring. The test split consists of
2631 image-caption pairs, of which 2103 and 528 belong to the normal and abnormal

classes, respectively.

BM [63] was constructed from a large-scale human monitoring dataset of around 100
hours of video clips. A mobile robot navigated to locations designated by a program
to monitor diverse human behaviors in the laboratory. It includes a wide range of
anomalies of many human behaviors, such as eating and sleeping in the working area
(defined as abnormal activities) and eating and sleeping in the resting area (defined as
normal activities). It contains 5548 normal images for training, as well as 585 normal

images and 106 abnormal images for testing.

2.4.2 Design of the experiments

In step one, to train our CMSSL-AD we used 15% of the data (around 500 000 image-

caption pairs) from the Conceptual Captions dataset [69]. We trained it from scratch for
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50 epochs by using an ADAM optimizer [70] with the following parameters: /r=0.001,
B1=0.9, B2=0.999, and e=1e-08.

The proposed method was conceived with the intention that, during the step de-
scribed in Section 2.3.3, it can be used in real-time human monitoring applications
such as the one described in [4]. For that reason, we use a subset of the Conceptual
Captions dataset [69], a small batch size, and an architecture with the fastest backbones
as possible. We used Alexnet [71] because it is faster than similar CNN architectures
such as ResNet [72], pre-trained DistilBERT model [73], which is a smaller and faster
representation of BERT [74], and MLP with a single hidden layer instead of other more
complicated architectures such as CNN or transformers [75].

For the Alexnet network [71] used as f(-), we removed the final layer to obtain
2048-dimensional v. For g(-), the multi-layer perceptron (MLP) has one hidden layer
and a 2048-dimensional output layer to obtain v;. For the DistilBERT model [73] used
as o.(-), we concatenate the last four hidden layers, obtaining a 3072-dimensional sen-
tence vector, which is used as the input of g(-). For projection head p(-), we selected
an MLP with one hidden layer to obtain z; and z; as shown in Eq. (2.7), where ¢ is a
ReLU function. This projection head is shared between text and image representations

and has a 256-dimensional output layer.

Z, = p(Vk) = W(Z)G(W(I)Vk)

2.7
z;=p(v;) = WOs(Why))

On the other hand, for each image, we use an online data augmentation as follows:
we resize the image to 256x256 pixels. We perform a random resizing and cropping,
obtaining a 224x224 pixel image which matches the input layer of the Alexnet network

[71]. We perform a random horizontal flip with a probability of 50%, and finally, a

color jitter with a probability of 80% or random grayscale with a probability of 20%.
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Additionally, we use a batch of 256 image-caption pairs, i.e., N=256.

In step two, for the clustering algorithm BIRCH [50], we set the parameter 6 =
0.05, which represents the threshold of the diameter of a leaf node when the CF tree is
built. We set the number J of region captions to 5. We implemented our approach using
the Pytorch! framework and Python on Ubuntu 20.04 equipped with two NVIDIA
GeForce RTX 3090 and an i9-7900X CPU.

We conducted two kinds of experiments to compare our method with the baselines,
through the detection quality and performance. As baseline methods, we used the
proposals made by Hatae et al [31], Fadjrimiratno et al. [4], Zang et al. [63], Dong et
al. [6], and Radford et al [8]. The first three proposals are region-based approaches,
but we only detect anomalies at the image level. For those three baseline methods,
an anomalous image is defined as an image which contains at least one anomalous
region as in [6] and [4]. We also keep the hyperparameter values as suggested in their
original reports. For the last proposal, we apply CLIP [8] to anomaly detection. First,
we extract the features by using pre-trained CLIP-RN? models, which have the most
similar architecture to our proposal. Second, we train an anomaly detector as proposed

in Section 2.3.2.

2.4.3 Experimental results

As shown in Fig. 2.2a and Fig. 2.2b, for the first experiments, our method achieves
an ROC-AUC score of 0.969 for the HAM Dataset, which corresponds to an improve-
ment of 0.235, 0.165, 0.135, 0.074, and 0.059 over the baseline methods Hatae et
al. [31], Fadjrimiratno et al. [4], Zhang et al. [54], Dong et al. [6], and Radford et

Thttps://pytorch.org/

2We used all the pre-trained CLIP-RN models available [8]: ResNet-50, ResNet-101, ResNet-50X4,
ResNet-50X16, and ResNet-50X64. However, due to space limitation, we only report in Section 2.4.3
the best results achieved by using the ResNet-50X64 model.

23



ROC curve ROC curve
8 1 9 1
~ <
2 s
205 2
é . -‘g’ 0.5
3 s
N g
0 05 0 0.5 1
False Positive Rate -
False Positive Rate
Hatae Radford
B _ Hatae Radford (AUC = 0.926)
(AUC —-0.734) (AUC=0.910) (AUC = 0.851)
Fadjrimiratno Zhang Fadjrimiratno Zhang (AUC =0.882)
(AUC =0.804) (AUC =0.834) (AUC = 0.875)
Dong Proposed method Dong Proposed method
(AUC=0.895)  (AUC=0.969) (AUC =0.970) (AUC =0.980)
(a) HAM Dataset (b) BM Dataset
Precision-Recall curves Precision-Recall curves
1 1
8 £
72}
505 50.5
£ &
0 0
0 0.5 0 0.5 1
Recall Recall
Hatae Radford Hatae Radford
(AUPRC = 0.468) (AUCPRC = 0.645) (AUPRC = 0.586) (AUCPRC =0.715)
Fadjrimiratno Zhang Fadjrimiratno Zhang
(AUPRC=0.482)  (AUPRC = 0.638) (AUPRC = 0.507) (AUPRC = 0.537)
Dong Proposed method Dong Proposed method
(AUPRC=0.681)  (AUPRC = 0.850) (AUPRC =0.840)  (AUPRC = 0.894)
(c) HAM Dataset (d) BM Dataset

Figure 2.2: Comparison of ROC curves, PR curves, ROC-AUC, and AUPRC scores
on the two datasets.
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Figure 2.3: 2D Visualization with t-SNE [1] of the cross-modal features extracted by
CMSSL-AD and the features extracted by VGG16+Word2 Vec pre-trained models [2,3]
for the HAM test split [4]

al. [8], respectively. For the BM Dataset, our method achieves an ROC-AUC score
of 0.980, which corresponds to an improvement over the baseline methods of 0.129,
0.105, 0.098, 0.01, and 0.054, respectively. Our ROC curves dominate the others,
indicating that our method in both datasets always outperforms the baselines.

Fig. 2.2¢ and Fig. 2.2d show the PR curves and the average precision score. In
the PR curves for both datasets, the value of precision of our method does not decrease
drastically, unlike other methods. Specifically, our method maintains a higher precision
than the baselines when the recall value is closer to 1. Our method achieves an AUPRC
score of 0.850 for the HAM Dataset, which corresponds to an improvement over the
baseline methods Hatae et al. [31], Fadjrimiratno et al. [4], Zhang et al. [54], Dong et
al. [6], and Radford et al. [8] of 0.382, 0.368, 0.212, 0.169, and 0.205, respectively. For
the BM Dataset, our method achieves an AUPRC score of 0.894, which corresponds
to an improvement over the baseline methods of 0.308, 0.387, 0.357, 0.054, and 0.179,
respectively. These results indicate that in the HAM dataset, the abnormal class is

more difficult to detect than in the BM. It should also be noted that our method better
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handles abnormal examples than the baseline methods.

The reason for the good performance of our method resides in its capability to ex-
tract contextual information across modalities, which is reflected in its high-level cross-
modal features. In Fig. 2.3, we show a comparison between the features extracted by
our CMSSL-AD and the features extracted by combining unimodal pre-trained models
used in [31] and [4]. Our cross-modal features create better-defined groups in the latent
space compared to unimodal pre-trained features. Those better-defined groups help to
improve the detection performance of abnormal samples.

We also compare our method with the baselines. Following Dong et al. [6], the
statistics were obtained under the methods’ best performance settings. We chose the
value of ¢ that has the largest geometric mean (G-Mean) for each method. Table 2.1
shows a comparison of the false positives, negatives, and statistics for both datasets.
For the HAM dataset, our method outperforms the baseline methods and has the least
number of false positives and false negatives. It also has the largest value in the F1-
score, precision, and recall. For the BM dataset [63], the method of Fadjrimiratno et
al. [4] achieved the smallest value of false negatives and therefore the largest value of
recall. However, it also has the largest value of false positives and the lowest precision.
These results mean that in this case, the method of Fadjrimiratno et al. tends to classify
normal samples as abnormal. On the contrary, our method shows better generalization
capability and a consistent behavior in the values of precision and recall. Therefore, it
has the best F1-score value. Furthermore, it has the smallest value of false positives as
well as the highest precision.

Fig. 2.4 shows an example in which our method outperforms the baselines which
used unimodal pre-trained features. Fig. 2.4a shows an example in which ours and the
baseline methods successfully detected as an anomaly. However, even when Fig. 2.4b

is almost visually identical to Fig. 2.4a, Hatae et al. [31], Fadjrimiratno et al. [4], and
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Table 2.1: Comparison of the methods for both datasets

Human Activities Monitoring Dataset Behavior Monitoring Dataset

FN FP Fl1-Score Recall Precision FN FP Fl1-Score Recall Precision

Hatae 151 743 0.460 0.716 0.338 30 104  0.531 0.716 0.422
Fadjrimiratno 154 412 0.571 0.710 0.478 10 137  0.566 0.905 0412
Zhang 124 431  0.592 0.765 0.483 21 106  0.572 0.801 0.445
Dong 42 558 0.618 0.920 0.465 21 34 0.755 0.801 0.714
Radford 54 395  0.680 0.898 0.547 12 101  0.624 0.886 0.482
Ours 20 242 0.796 0.962 0.679 19 21 0.813 0.820 0.805

Zhang et al. [54] failed to detect it as an anomaly. The reason is that those methods do
not refine the feature space and have difficulties in capturing contextual information
across modalities, as shown in Fig. 2.3. Ours and Dong et al. [6] do not have this
limitation, but [6] is sensitive to viewpoint variations and is devised when images of the
same spot are captured from different angles. An example is shown in Fig. 2.5, where
Dong et al. [6] incorrectly localize the region of interest and give more relevance to
regions which are less important. Our method is more robust to this problem because
the language modality remains invariant to those variations, i.e., the caption of an
image for the same situation should be similar regardless of the position where the
image was taken, as shown in Fig. 2.5a and Fig. 2.5b.

The results of the second experiments are shown in Fig. 2.6. The values of ROC-
AUC for both methods become higher as the size of the data in the training split in-
creases. However, the results obtained by Dong et al. method [6] have lower means
and bigger standard deviations for each number of examples. When in the training split
there is a small number of examples, there are few variations in viewpoints, and thus

the results are affected negatively. As a consequence, if a training split contains simi-
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woman standing in front
of the door, a basket on a
bike.

T

a woman on a bike

Figure 2.4: Examples of images and their captions generated by Densecap [5] extracted
from the HAM dataset [4]. The rectangles show the extracted regions. (a) and (b) are
test images which contain an anomaly of a person riding a bicycle in a room. (a) is
considered a single-region anomaly since the woman and the bicycle are contained in
the extracted region.

woman sitting
a woman sitting in a chair,
in a chair, teddy woman is
bear on the holding a teddy
table. bear.

(a) (d)

Figure 2.5: Training and test images captured on different days from the HAM dataset.
(a) is a training sample of a woman with a teddy bear and its caption. (b) is a test
sample of a woman with a teddy bear. (e) and (d) are the heatmap and the wrong
localization of the highest activation point obtained by [6], respectively.
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lar images to the test split, then the detection performance is high and the ROC-AUC
value is equal to or higher than 0.8. However, if this training split contains images with
different viewpoints, the ROC-AUC reaches values lower than 0.4. On the contrary,
our method is more robust to this problem due to the inclusion of the language modal-
ity, as explained before. It has more consistency and obtains higher values of the mean
and lower values of the standard deviation for each training split as shown in the box
plots of Fig. 2.6.

Proposed method Dong method
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0 0
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Figure 2.6: Comparison of the ROC-AUC between our proposed method (a) and Dong
et al. [6] (b) with different amounts of data (5 trials per amount of data).

In terms of computational complexity, we compared our method with the CLIP-
RN models [8]. Our architecture contains around 65 million parameters and is faster to
train compared with the CLIP-RN simplest model (ResNet-50), which contains around
102 million parameters. We trained our model with 2 GPUs, 0.5 million examples for
50 epochs, and 256 batch sizes, which took around 7 days. On the other hand, the
CLIP-RN model, which achieved the best results in our experiments (ResNet-50X64),
according to Radford et al. [8], was trained with 592 GPUs, 400 million examples for
32 epochs, and 32 768 batch sizes, which took 18 days.
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2.5 Conclusion

In this chapter, we propose a contrastive VLM method that extracts multimodal fea-
tures that capture contextual information. Our features facilitate learning the distribu-
tion of normality for anomaly detection in human monitoring.

Experiments on two real-world robotic datasets demonstrate the superiority of our
method over state-of-the-art baselines.

There are a number of directions which can be explored for future research, in-
cluding (1) combining the CMSSL-AD training with the clustering process through
multiple tasks; (2) proposing a cross-modal attention mechanism to discard parts of
the feature vectors in each modality which do not contribute to the detection, and (3)
determining the level of contribution of the image regions by further analyzing their

captions and their regions.
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Chapter 3

Detecting Anomalies in Human
Monitoring Based on Multimodal

Multiview Self-Supervised Learning

3.1 Overview

This chapter builds on the method introduced in Chapter 2 and addresses the challenges
of context-sensitive anomaly detection in human behavior monitoring under small-
scale training conditions, as outlined in Section 1.2. Two major challenges complicate
this task: the scarcity and diversity of anomalous data, which makes it difficult to
collect representative training examples, and the need to capture context-dependent
interpretations of behavior. As discussed in Section 1.3, even subtle contextual cues
can determine whether an action is interpreted as normal or abnormal [4].

As discussed in Section 1.3, conventional methods for anomaly detection include

reconstruction-based and clustering-based approaches. While these methods have shown
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potential in human monitoring, they often rely on unimodal features and fail to cap-
ture cross-modal context, limiting their applicability to settings that require semantic
reasoning across images and language. These limitations motivate the development of
improved multimodal approaches such as the one presented in this chapter.

To address these issues, we propose M3VAD, a contrastive VLM designed to
improve representation learning in small-scale, context-sensitive settings. M3VAD
combines multimodal contrastive objectives to align image and text representations,
with unimodal multiview learning to enhance intra-modal robustness. This design
improves the clustering of normal behaviors while maintaining semantic consistency
across modalities. We further introduce a hybrid anomaly scoring function that in-
tegrates distance to normal prototypes with cross-modal similarity, enhancing detec-
tion performance. Finally, through evaluation on four human monitoring datasets, we
demonstrate that M3VAD significantly outperforms baseline models, confirming its

effectiveness under real-world constraints.

3.2 Problem Formulation

The problem we tackle is anomaly detection in human behavior monitoring, addressed
as a one-class anomaly detection problem. Our proposal is a one-class learning method,
where the model is trained on normal behavior data, and during testing, it must detect
whether new, unseen instances represent normal or anomalous behavior [76]. This
setup assumes that only normal data is available in the training phase, and anomalies
must be identified by comparing test samples against the learned representations of
normal behavior [4,31,54].

Let the training dataset D" = {(H;, C;,y;)}"_, consist of n normal image-caption

pairs. Each image H; represents visual information, and each caption C; provides a
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corresponding textual description. The label y; indicates the class of the sample, with
yi = 0 for all samples, as they all represent normal behavior.

In the training phase, the model learns to capture the distribution of normal be-
haviors from positive samples only, in a shared feature space formed by both image
and caption modalities [31]. The objective is to learn a representation that generalizes
the normal behavior, enabling the model to detect deviations from this normality in the
test phase.

In the test phase, the model is presented with a new image-caption pair (H?, C;),
where the label y? is unknown. The goal is to classify the test sample as either normal
(y; = 0) or anomalous (y; = 1) based on its deviation from the learned normal behavior
as in Chapter 2. In this phase, anomalies are identified using an anomaly score which
quantifies the deviation of a test sample from the learned normal behavior. If this score

exceeds a predefined threshold ¢, the test sample is classified as anomalous:

AH;,CY) > ¢. (3.1)

Here, A(-,-) reflects the similarity between the test sample and normal data, while
0 represents a predefined threshold value, which determines whether a test sample
is considered anomalous. Here, ¢ varies between 0 and 1 to evaluate the model’s
performance across all its values.

To assess the effectiveness of our model, we evaluate it using standard metrics
such as the Receiver Operating Characteristic (ROC) Curve and the area under the
ROC curve (ROC-AUC) score. Additionally, the Precision-Recall (PR) curve is rec-
ommended for highly skewed domains where the ROC curve may provide an exces-
sively optimistic view of the performance [77]. For this reason, given the rarity of

anomalies in the test set, Precision-Recall (PR) curves and Area Under the PR Curve
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(AUPRC) are particularly informative metrics for evaluating the detection performance
of our method.

The ROC curve is computed by calculating the true positive rate and the false pos-
itive rate across different threshold values ¢ for the anomaly score in Equation (3.1).
The ROC curve is obtained by varying ¢ from O to 1, with each threshold producing
a corresponding pair of true positive and false positive rates. The ROC-AUC score is
the area under the ROC curve, which summarizes the model’s ability to distinguish
between normal and anomalous samples. It provides an aggregate measure of perfor-
mance, indicating the probability that a randomly chosen anomalous instance is ranked
higher than a randomly chosen normal instance by the anomaly detection model [78].

Similarly, the PR curve is computed by plotting precision against recall at different
0 values in Equation (3.1). The AUPRC is the area under the PR curve and provides a
comprehensive evaluation of the model’s ability to detect anomalies while maintaining
high precision [77].

Thus, the problem is defined as follows: learn a representation of normal behavior
from the training data and classify test samples as either normal or anomalous.

The anomalies to be detected include the following types:

* An anomalous object [31] represents an object highly dissimilar to the objects

in the training data.

* An anomalous action [31] represents an action highly dissimilar to the actions

in the training data.

* An anomalous position [31] represents objects located at a highly unlikely po-

sition in the training data.

* An anomalous background [63] represents an action or an activity that is al-
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Figure 3.1: Pipeline of M3VAD.

lowed in one area but forbidden in another.

3.3 Proposed Method

This Section presents our proposed method: M3VAD: MultiModal MultiView Self-
Supervised Learning for Anomaly Detection. Our goal is to learn a robust represen-
tation of normal human activities from image-caption pairs and detect anomalies at
test time. The approach combines four main contrastive objectives: two multimodal
objectives (cross-modal and prototypical) and two unimodal objectives (image- and
text-based multiview objectives). These objectives yield high-quality multimodal fea-

ture representations, even with small-scale training data.
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3.3.1 Overview

M3VAD operates in two main phases. In the training phase, the model learns multi-
modal representations of input image-caption pairs by combining multiple contrastive
learning objectives. These objectives simultaneously enhance the quality of unimodal
and multimodal representations and group the data into clusters that represent normal
behavior. Each cluster is associated with a prototype, defined as the centroid of the
cluster’s embeddings. These prototypes serve as compact representations of normal
behavior, simplifying the anomaly detection process.

The overall training process is guided by a unified objective function, which inte-

grates multiple contrastive objectives:

Lm3vap = MLNT Xent + MpL proto +MLNNy +MLNnL, (3.2)

where Ln7 _xen 18 the cross-modal objective, £ 00 18 the prototypical objective, and
Lynyy and Lynp are the multiview objectives for images and captions, respectively.
The hyperparameters A, A,, A,, and A; balance the contributions of each component.
This formulation ensures that the learned representations capture both cross-modal
consistency and unimodal robustness. Detailed explanations of each objective are pro-
vided in Sections 3.3.2 and 3.3.3, while the overall loss function is further elaborated
in Section 3.3.4.

In the test phase, the model evaluates a new image-caption pair by computing
an anomaly score based on two key measures: (1) the similarity of the sample to
the learned prototypes and (2) the alignment between image and caption features in
the shared latent space. This scoring process, which quantifies how much the sample
deviates from normal behavior, is explained in Section 3.3.5.

At the core of M3VAD are two neural network encoders that transform the inputs
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into high-dimensional feature embeddings for anomaly detection. These encoders and
their specific implementations are detailed in Section 3.3.2. Figure 3.1 illustrates the

overall pipeline.

3.3.2 Multimodal Objectives

To effectively learn from multimodal data, M3VAD integrates two core objectives:
the cross-modal objective, which aligns embeddings across modalities, and the proto-
typical objective, which structures the embeddings into distinct clusters to represent
normal behavior. For our purposes, a modality refers to a specific form of data [79],
such as visual data (images) or language data (captions). Images encode spatial and
visual information, while captions provide descriptive language that complements the
image content, capturing context and semantics.

The visual encoder f(-) processes images H; into visual embeddings Vf-‘, and the
language encoder g(-) processes captions C; into language embeddings Vﬁ. These em-

beddings are obtained as follows:
vi = f(H;:0y), (3.3)

vi=g(C1;0,), (3.4)

where ©¢ and O, represent the parameters of the visual and language encoders, re-
spectively. These embeddings serve as the foundation for the subsequent objectives.
The cross-modal objective (Ln7_xen) aligns embeddings across modalities by en-
suring that embeddings of corresponding image-caption pairs are closer to each other
than to unrelated pairs. This characteristic promotes consistency and contextual rele-

vance between the two modalities.
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Figure 3.2: Multi-modal objectives.

The prototypical objective (£ ,/0r0) groups multimodal embeddings into clusters,
each represented by a prototype, or centroid, to capture diverse patterns of normal be-
havior. This structured clustering enhances the model’s ability to differentiate between
normal and anomalous samples.

The mathematical formulations and implementation details of these objectives are

elaborated in the following subsections.

3.3.2.1 Cross-modal Objective

To achieve contextual consistency between the two modalities, we adopt and adapt the
normalized temperature-scaled cross-entropy loss (NT_Xent) [51] to the cross-modal
domain. The cross-modal objective focuses on learning a shared latent space where
visual and textual representations that belong to the same sample are closely aligned,
while unrelated samples are well-separated. Unlike conventional NT _Xent setups that
target within-modality consistency [51], our adaptation extends its applicability to
cross-modal alignment, a crucial requirement for anomaly detection in multimodal

contexts.

We use a shared projection head to map the raw embeddings (v* and v') into a
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lower-dimensional latent space (z* and Z!), as this measure has been shown to stabilize
contrastive learning and improve alignment quality across modalities [51].

We propose to define an anchor as a sample from either the visual or language
modality (modality anchor), with its positive counterpart being the corresponding sam-
ple from the other modality. Specifically, when the image serves as the anchor, its
corresponding caption is treated as the positive sample, and vice versa. For negative
samples, we consider all other images and captions within the mini-batch that do not
correspond to the anchor. These measures ensure that the model learns to pull to-
gether embeddings of related image-caption pairs while pushing apart embeddings of
unrelated pairs. An example of the cross-modal objective is shown in Figure 3.2.a

Let zF and z' be lower-dimensional projections of v and v/, obtained through a
shared projection head. For a mini-batch of N image-caption pairs, the cross-modal
objective for a positive pair (z£,,z.,) is defined as:

sim(zln‘1,z£n)

e T

0(zk 2 ) = —1log (3.5)

Zm 1 ]1 q;ﬁk t
where sim(-,-) denotes cosine similarity, T is a temperature parameter, and 1 g # m] is
an indicator function that excludes the positive pair from the denominator. Averaging
over all positive pairs in the mini-batch, the cross-modal loss is:

CNT Xent = L)+, 7). (3.6)

||M2

By minimizing £n7_xens, W€ maximize mutual information between the modalities,

encouraging the learned representations to explicitly encode cross-modal consistency.
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3.3.2.2 Prototypical Objective

To create well-separated clusters that represent normal behavior, we define a proto-
typical objective, which minimizes the distance between a sample and its assigned
prototype while maximizing its distance from prototypes of other clusters. A proto-
type is defined as the centroid of a cluster in the multimodal embedding space, serving
as a compact representation of semantically similar embeddings [64].

It is a common practice to use a clustering algorithm to create groups and use them
as a model to represent normal behavior [4,31,48]. However, traditional methods do
not guarantee the creation of well-separated clusters, i.e., clusters in which each object
is significantly closer to other objects in the same cluster than to objects in any other
cluster [80]. This limitation can reduce the accuracy of anomaly detection systems.

Li et al. [81] proposed ProtoNCE, which combines instance-wise and prototypical
contrastive learning. ProtoNCE incorporates multiple granularities of prototypes by
clustering the data M times per epoch with varying cluster sizes. While this approach
has been effective in unimodal scenarios, adapting it to multimodal settings introduces
computational challenges due to the higher dimensionality of the embedding space. To
address these challenges, we propose two modifications. First, we eliminate the gran-
ularity by clustering the data only once per epoch instead of multiple times. Second,
we use the BIRCH algorithm [50], which is computationally efficient and dynamically
determines the number of clusters.

The multimodal representation of an image-caption pair is defined as the concate-

nation of its visual and textual embeddings:
k 1
r; =V} || v, (3.7)

where Vi-‘ and Vf are the visual and textual embeddings, respectively, and || denotes
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concatenation.
At the beginning of each training epoch, we randomly sample a subset of the train-

ing data to form a prototype set. Clustering this subset with BIRCH produces multi-

modal prototypes {ci,...,cx}. The prototypical loss function is defined as:
1 N esSim(ri-ci) /T
=—) —1 . .
Lprot N ,:Zl 0og Z?:1 eSim(l’i'Cfn)/’C7 (3 8)

where N is the batch size, T is a temperature parameter, and d is the number of negative
prototypes (m # i). The numerator represents the similarity between a sample and its
assigned prototype, while the denominator sums over similarities to all prototypes,
including negatives. By minimizing £ ., wWe refine clusters to ensure that samples
are close to their assigned prototypes and distant from others. An example of the

prototypical objective is shown in Figure 3.2.b

3.3.3 Multiview Objectives

To enhance the robustness of unimodal representations, we introduce two separate con-
trastive objectives: one for the image encoder (Lyyy) and one for the caption encoder
(Lnnr)- These objectives leverage diverse perspectives of the same data, referred to as
views, to improve representation quality.

We define a view as a distinct representation of the same data. For visual data,
views are generated through augmentations such as random cropping and horizontal
flipping. For language data, views include transformations like synonym replacement
or random deletion. These augmentations preserve the semantic meaning of the data
while introducing variations that help the model learn invariances. By incorporating

multiple views, we simulate the diversity typically seen in larger datasets, enabling the
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model to generalize better despite being trained on small-scale data. This approach
enhances the model’s ability to detect subtle deviations in anomaly detection tasks
while maintaining contextual integrity [82].

In addition to standard augmentations, we also consider the nearest neighbor of
each sample as another view. The nearest neighbor provides a semantically meaningful
representation of the data within its modality, which introduces further diversity in
the contrastive pairs. For instance, an image’s nearest neighbor in the feature space
captures structural and contextual similarities that complement the original data, while
a caption’s nearest neighbor captures linguistic parallels. By using nearest neighbors
alongside augmentations, we improve the model’s ability to learn robust, semantically
rich representations.

The motivation for including nearest neighbors lies in their role in ensuring modal-
ity independence. If the original image were directly paired with its corresponding cap-
tion as the anchor-positive pair, this inclusion could create cross-modal dependencies.
By using the nearest neighbor of the original image as the anchor and its augmented
variant as the positive, we restrict the connections to within the same modality. Simi-
larly, for language embeddings, the nearest neighbor of a caption serves as the anchor.
This strategy assumes that the nearest neighbor of an image is not inherently tied to the
nearest neighbor of its paired caption, effectively preventing interference between the
modalities. This strategy ensures the model learns disentangled, modality-specific rep-
resentations, which are crucial for capturing intra-modality variations robustly. Addi-
tionally, nearest neighbors diversify the contrastive pairs, mitigating overfitting and en-
couraging the learning of semantically meaningful and structurally consistent clusters
within each modality [52]. Our approach builds upon the method proposed by Dwibedi
et al. [52], which originally demonstrated the effectiveness of nearest-neighbor-based

contrastive learning for visual data. Here, we extend it to include language data, lever-

42



aging the embedding space’s generality for both modalities.

Formally, for an image embedding z;, the nearest neighbor is defined as:

NN(z,Q,) = argmin||z; — al|2, 3.9

acqQ,

where Q, is the support set for image embeddings. Similarly, for a caption embedding
z;, we have:

NN(z;,Q;) = argmin||z; —b||2, (3.10)
beQ;

where Q; is the support set for caption embeddings. The support sets Q,, and Q; are
subsets of the training data sampled at the beginning of each training epoch to reduce
computational costs.

The contrastive loss for the image modality and language modality are defined as:

| N SMNN(5,Q).5 ) /2
Y ,,Z’l e Y| 1y e mON Q) 20) /7 G-AD
1 N esim(NN(Zl,Ql)7zl+)/T
Lane =~ Y —1 4 . 3.12
MET N n; > TN 1y S MONNCLQ) 20) 7 G2

where z,j is an augmented version of zg, T is the temperature parameter, and the de-

nominator sums over all negatives.
By minimizing these losses, we ensure the model learns robust, intra-modality rep-
resentations while maintaining scalability and efficiency. An example of the multiview

objectives is shown in Figure 3.3

3.3.4 Objective Loss

In our model, we integrate four complementary contrastive loss functions, as detailed

in the Overview section (Equation (3.2)). These losses include the cross-modal loss
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Figure 3.3: Multi-View objectives.

(LNT Xent), the prototypical loss (£ 010), and the visual and language nearest-neighbor
losses (Lynv and Lynr). Together, they address distinct challenges and collectively
form the backbone of the M3VAD training process.

The cross-modal loss, LnT_xens, €nsures alignment between image and caption rep-
resentations in a shared latent space. By adapting the NT_Xent loss [51] to a multi-
modal context, we introduced the concept of an anchor-modality pair, where the posi-
tive sample is drawn from the paired modality. This adaptation maximizes cross-modal
consistency and mutual information while preserving contextual relevance.

The prototypical loss, £ 010, promotes the formation of well-separated clusters in
the multimodal latent space. By simplifying ProtoNCE [81] to calculate the loss only
once per mini-batch, we intend to reduce computational overhead without sacrificing
the quality of the clustering. This efficiency ensures scalability while maintaining

robust cluster representations, even for small-scale data.
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The multiview losses, Lyyy and £yyr, enhance the robustness of unimodal repre-
sentations by leveraging both standard data augmentations and nearest-neighbor sam-
pling. Following the framework of nearest-neighbor contrastive learning [52], we ex-
tend this approach beyond the visual domain to include the language modality, using
semantic neighbors to diversify contrastive pairs. This extension ensures the model
learns disentangled, modality-specific features while mitigating the risk of overfitting

and improving generalization.

3.3.5 Anomaly Score

In the test phase, the anomaly score is computed for each incoming image-caption
pair (H?,C;) to quantify its deviation from the learned normal behavior. As outlined
in the Section 4.2, Equation 3.1, an image-caption pair is detected as anomalous if its
anomaly score exceeds a predefined threshold ¢. This score integrates two complemen-
tary perspectives: the proximity to learned prototypes and the cross-modal consistency
of the sample.

The prototypical anomaly score A, evaluates the similarity of the test sample to
the nearest prototype in the latent space. Prototypes are the centroids of clusters learned
during training and represent normal behavior. Following [4,31], A; is calculated as
the Euclidean distance between the test embedding r; and the closest prototype p in
the prototype set P:

Ay(r},P) Z{)neigHrT—sz- (3.13)

The cross-modal anomaly score A, captures the alignment between the image and

caption embeddings in the shared feature space. This score reflects the degree of cross-

sk okl

modal consistency, as enforced during training. For an image-caption pair (z;,Z), ),

where z*X and z?! are the respective embeddings of the image and caption, A; is defined
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as:
xk | oxl

Ay(z 2y =1 - Zm Im (3.14)

gk I
Iz | |31
The final anomaly score A combines these two components, weighted by hyperpa-

rameters A, and Ay, which control their respective contributions:
A =NjA 7+ NAs. (3.15)

This formulation balances the two perspectives. While A, evaluates the sample’s
alignment with the overall distribution of normal behavior, A focuses on the internal
consistency between the image and caption. Together, these components provide a
robust framework for detecting anomalies in complex multimodal data.

As explained in Section 3.2, we evaluate our model by using the Receiver Operat-
ing Characteristic (ROC) curve, Precision-Recall (PR) curve, and their respective area
under the curve (AUC) scores. These metrics provide comprehensive insights into the

model’s anomaly detection capabilities across different application scenarios.

3.4 Experiments

In this Section, we systematically evaluate the proposed method, M3VAD, for image-
based anomaly detection in human monitoring tasks. The evaluation aims to assess
its detection performance by comparing it with baseline methods, particularly under
small-scale data conditions. Another important aspect of the analysis is the sensitivity
of M3VAD to variations in the amount of data used for nearest-neighbor and pro-
totype sets, providing insights into its robustness. Additionally, the effectiveness of
the clustering refinement strategy is examined by investigating whether the prototypi-

cal contrastive objective enhances anomaly detection compared to standard one-class
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learning methods. Finally, the contributions of both multimodal and unimodal objec-
tives are analyzed to determine their role in improving detection accuracy.

To provide a wide evaluation, we first describe the datasets and the experimental
setup, including the architectural details, parameter configurations, and the selection
of baseline methods. It is followed by an analysis of the detection results, highlight-
ing the advantages of M3VAD over existing approaches. Lastly, additional analyses
are conducted to investigate the impact of training configurations, the refinement of
clusters, and the effectiveness of individual components in shaping the final detection

performance.

3.4.1 Datasets

We evaluate our method on four human-centric anomaly detection datasets: HAM,
BM, AnoVG, and UCSD Ped2, each capturing different contexts of human monitor-
ing. Following the one-class anomaly detection paradigm, only normal examples are
used in the training set, and normal/abnormal examples appear in the test set.

The HAM and BM datasets were introduced in Section 2.4.1. In this section, we
introduce two additional datasets—AnoVG and UCSD Ped2. All four datasets are

used in the experimental evaluations conducted in this Chapter.

AnoVisualGenome (AnoVG) [54] was constructed after analyzing images that can
be considered abnormal situations from the Visual Genome dataset [83], which pro-
vides dense annotations for regions on over 108K images. AnoVG includes several
kinds of human activities in inappropriate environments as contextual anomalies, such
as a person watching TV on the street or a person sitting on a couch on the beach.
It contains 1427 normal images for training, as well as 218 normal images and 31

abnormal images for testing.
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Table 3.1: Datasets summary.

HAM BM AnoVG UCSD Ped2

Normal Abnormal | Normal Abnormal | Normal Abnormal | Normal Abnormal

Training Data 13453 0 5548 0 1427 0 2550 0

Test Data 2103 528 590 106 218 31 374 1636

UCSD Anomaly Detection Dataset (UCSD Ped2) [9] is a video dataset that was
acquired with a stationary camera overlooking pedestrian walkways. The anomalies
in this dataset are labeled by frame, meaning that each frame is annotated to indicate
whether it contains an abnormal event. These anomalies are varied: common anoma-
lies in the dataset include bikers, skaters, small carts, and people walking across a
walkway or in the surrounding grass. The training split contains 16 video samples
with a total of 2550 frames and does not contain any abnormal events. The test split
contains 12 video samples with a total of 2 010 frames, of which 374 frames are normal
and 1636 frames are abnormal.

Table 3.1 summarizes the size of the training and test splits of the three datasets.

3.4.2 Experimental setup

3.4.2.1 Detailed Architecture

The proposed method, M3VAD, processes both images and captions to extract mul-
timodal features that improve anomaly detection. For caption generation, we use
GIT [84], a modern image captioning model that generates one caption per image,
aiming to capture the overall scene context. Unlike prior works relying on region-level
captioning, e.g., DenseCap [5], GIT produces image-level captions more suitable for

our direct image-caption approach.
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Our proposed method is designed to detect anomalies using limited training data.
Given the constraints of small-scale datasets, we require a lightweight and effective
architecture for both image and text modalities. For the textual modality, we require
a lightweight transformer-based model that captures semantic meaning efficiently. We
select DistilBERT [73], which retains most of BERT’s [74] accuracy while being sig-
nificantly faster and more efficient. Each generated caption C; is first transformed
into an embedding using DistilBERT. The last four hidden layers are concatenated to
form a 3072-dimensional feature vector, which is then processed by an MLP projection
head g(-) to obtain the final 2048-dimensional language representation Vf . Therefore,

Equation (3.4) is respectively replaced with

vi = g(0(C;); ©y), (3.16)

where o(-) represents the pre-trained DistilBERT function and @, denotes the trainable
parameters of g(+).

Instead of relying on large-scale vision transformers (ViTs) [85], which demand
extensive data for meaningful feature learning as we explained in Section 1.3, we se-
lect a computationally efficient encoder optimized for small datasets. For the visual
modality, we adopt ScatSimCLR [7] as the backbone. Unlike traditional CNNs, Scat-
SimCLR incorporates Scattering Networks (ScatNet) [86], which apply fixed wavelet
transforms to extract stable and interpretable features before passing them to a ResNet-
based encoder. This incorporation reduces the number of trainable parameters while
maintaining strong representation-learning capabilities [86]. The image H; is first
transformed by ScatNet, and the resulting low-dimensional feature map is then passed
through a small ResNet-based encoder f(-) with eight residual blocks, yielding a 2048-

dimensional visual embedding Vf . Therefore, Equation (3.3) is respectively replaced
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with:

vi = f(B(H,);0y), (3.17)

where B(-) represents the fixed ScatNet transformation and O refers to the trainable
parameters of f(-).
The multimodal representation of each image-caption pair is then constructed by

concatenating the visual and textual embeddings:

ri=vi| v (3.18)

This results in a 4096-dimensional joint representation in which anomalies are
identified. Additionally, to facilitate contrastive learning, we introduce three sepa-
rate projection heads, each mapping embeddings into a 256-dimensional latent space

as shown in Figure 3.1:

* pm(+) for multimodal contrastive objectives,
* py(+) for unimodal image contrastive objectives,

* p;(-) for unimodal language contrastive objectives.

Each projection head consists of a single-layer MLP. The purpose of these pro-
jection heads is to refine feature separability in the contrastive learning process, as
demonstrated in SimCLR [51].

3.4.2.2 Parameter setting

To ensure the robustness of unimodal representations, we apply data augmentations

for both image and text modalities in the contrastive learning framework. Specifically,
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we perform augmentation on the positive views z,j and zf. The image augmentation
pipeline consists of random cropping, horizontal flipping, color jittering, and grayscale
conversion. For captions, we introduce textual perturbations, including simulated ty-
pos, OCR errors, and word deletions [87]. These augmentations enhance invariance
within each modality and help the model generalize better.

However, for multimodal contrastive learning, no augmentation is applied to en-
sure strict cross-modal consistency. Since multimodal objectives rely on exact image-
caption pairs, altering one modality could distort the alignment, reducing the effective-
ness of cross-modal representation learning. This design ensures that the model learns
contextual consistency between image and caption features without unnecessary dis-
tortions.

We train our method from scratch with each dataset for 100 epochs using the Adam
optimizer [70] with the following parameters: learning rate [r = 1 X 1072, B =0.9,
B2 =0.999, and € = 1 x 10~8. The batch size is set to N = 256 image-caption pairs.
For prototype-based clustering, we employ the BIRCH algorithm [5S0] with a clustering
threshold of 6 = 0.05, where 0 represents the diameter threshold of a leaf node in the
clustering feature (CF) tree.

We set the trade-off parameters of the contrastive losses A, A, A, =1, and A; =0.5
to mitigate the effect of wrong captioning. For the final anomaly score, we combine the
prototypical distance score A; and the cross-modal similarity score A, assigning equal
trade-off weights of A; = 0.5 and A; = 0.5. This ensures that both structural similarity
to normal clusters and cross-modal coherence contribute equally to anomaly detection.
Our approach was implemented using the PyTorch framework! and Python on Ubuntu

20.04, running on an NVIDIA GeForce RTX 3090 GPU with an Intel i19-7900X CPU.

Uhttps://pytorch.org/
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3.4.2.3 Compared Methods

To evaluate the effectiveness of M3VAD, we compare it against state-of-the-art meth-
ods in contrastive self-supervised learning and image-level anomaly detection. In
Chapter 2, we performed anomaly detection at the image level and relied on region
captions, allowing a fair comparison with methods that analyze anomalies at the re-
gion level. These methods detect anomalous regions by analyzing spatial relations
between objects rather than evaluating entire images. However, in this Chapter, we
use image captions, meaning anomaly detection now operates at the image level. This
fundamental change makes direct comparisons with region-based anomaly detection
methods inappropriate.

The methods proposed by Hatae et al. [31], Fadjrimiratno et al. [4], and Zhang et
al. [54] perform anomaly detection by modeling object-region relationships. Instead of
considering all possible object-to-object relations, these methods introduce constraints
to selectively focus on a subset of region relations. Fadjrimiratno et al. [4] analyzes
dual-region relations, capturing anomalies based on pairwise inconsistencies, while
Zhang et al. [54] employs a graph-based approach to model semantic region depen-
dencies. Although these constraints reduce computational costs, they also limit the
ability to capture more complex, unexpected contextual anomalies.

A further limitation of these methods is their dependence on regions generated
by a deep captioning model. If the captioning model fails to detect certain regions,
merges distinct objects into a single bounding box, or overlooks background elements
contributing to contextual understanding, the anomaly detection process is inherently
compromised. This reliance on automatic region generation constrains their ability to
generalize beyond the predefined region representations.

In contrast, M3VAD detects anomalies at the image level, learning multimodal
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representations from entire image-caption pairs rather than predefined regions. This
broader perspective allows the model to capture anomalies in object placement, back-
ground context, and global semantic inconsistencies that region-based methods might
overlook.

In Chapter 2 , we also demonstrated that refining a shared multimodal feature space
provides better performance on anomaly detection compared to multimodal meth-
ods that use separate unimodal pre-trained models. We showed that contrastive self-
supervised learning effectively aligns image and text representations, outperforming
methods that simply rely on independently trained vision and language encoders. Since
this finding has already established the advantage of cross-modal refinement, we do
not need to reintroduce comparisons with methods that exclusively use pre-trained
unimodal representations.

Instead, we evaluate M3VAD against C-SSL methods and image-level anomaly
detection baselines. As an unimodal baseline, we include ScatSimCLR [7], a self-
supervised learning model that applies contrastive learning only to image data. It lever-
ages a wavelet-based ScatNet to enhance feature learning under small-scale data con-
straints. It includes different architectures, such as ScatSimCLR_8, ScatSimCLR_12,
ScatSimCLR_16, and ScatSimCLR _30, where the number denotes the number of Res-
Blocks in the network. These variations allow for different levels of model complexity
and adaptation to varying dataset sizes.

For multimodal contrastive learning, we compare against CLIP [8], which employs
contrastive learning to align image and text representations in a shared space. CLIP
serves as a strong benchmark for learning joint image-text representations. We evaluate
multiple CLIP architectures, including CLIP_ViT.L.14, CLIP_ViT.B.16, CLIP_ViT.B.32,
and CLIP_RN50. In these models, ViT.L.14 and ViT.B.16 refer to Vision Transform-

ers [85] of different sizes, with ”L” representing a large model and ”B” a base model,
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while the numbers indicate the patch size (e.g., 14x14 or 16x16). The RN50 variant
employs a ResNet-50 architecture for image encoding.

For image-level anomaly detection, we also evaluate GIAD-ST [6], an inpainting-
based method that reconstructs missing image regions to assess consistency. However,
we exclude GIAD-ST from UCSD Ped2 experiments due to a fundamental mismatch
between the dataset structure and the method’s requirements. Unlike other datasets,
UCSD Ped2 does not contain predefined regions of interest, which means that GIAD-
ST would require an additional preprocessing step to generate these regions.

While automatic region proposal methods exist, their reliability on low-resolution
surveillance footage remains a challenge, as they often struggle to detect small or oc-
cluded objects due to the lack of detailed appearance features [88, 89]. Studies have
shown that traditional region proposal networks underperform when dealing with small
objects, leading to poor localization accuracy in low-resolution images [89]. Since
UCSD Ped?2 primarily consists of low-resolution surveillance footage, applying such
methods could introduce inconsistencies in the generated object regions, which would
directly impact GIAD-ST’s anomaly detection capability. Additionally, UCSD Ped2
was not originally designed for localized region-based anomaly detection, making di-
rect comparisons with GIAD-ST less meaningful.

To ensure a consistent evaluation, we apply BIRCH clustering [50] as in [4, 31]
to all learned feature representations. This choice ensures that anomaly scores are
computed using the same method across different baselines, making comparisons fair
and controlled. All models, including M3VAD and baselines, are trained from scratch
using only the normal training data from each dataset to reflect the one-class learning
paradigm, where anomalies are identified based on their deviation from the normal

feature distribution.
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Table 3.2: Comparison in terms of ROC-AUC and AUPRC scores.
Dataset ROC-AUC AUPRC
Model HAM BM AnoVG UCSDPed2 | HAM BM AnoVG UCSD Ped2
CMSSL_AD [60] | 0.865 0.953  0.677 0.529 0.527 0.646  0.228 0.824
GIAD-ST [6] 0.895 0970 0.621 - 0.681 0.840 0.211 -
ScatSimCLR 8 | 0.881 0.902  0.698 0.514 0.711 0.716  0.209 0.824
E ScatSimCLR_12 | 0.886 0.965  0.635 0.546 0.793  0.90  0.181 0.818
:: ScatSimCLR_16 | 0.848 0.966  0.663 0.452 0.741 0.847 0.181 0.771
ScatSimCLR 30 | 0.967 0.973  0.654 0.427 0.892 0.848 0210 0.755
CLIP_RN50 0.816 0.890  0.843 0.562 0.543  0.620  0.470 0.865
5 CLIP.ViTL.14 | 0.881 0.953 0.875 0.650 0.549 0.673 0.510 0.887
?E: CLIP_ViT.B.16 | 0.878 0.948 0.885 0.671 0.606 0.641  0.512 0.89
CLIP_ViT.B.32 | 0.900 0.956  0.860 0.620 0.70 0.697 0.395 0.875
M3VAD 0.990 0.987 0.940 0.713 0.960 0.905 0.662 0.907
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Figure 3.4: Comparison of ROC curves on the four datasets.

56



Precision

Precision

1.0
0.9
0.8
0.7
0.6 5
@
0.5 ‘S
(O]
0.4 GIAD-ST a GIAD-ST
0.3 ScatSimCLR_30 0.3 ScatSimCLR_30
- —— CLIP_ViT-B/32 63 —— CLIP_ViT-B/32
’ —— CMSSL AD —— CMSSL AD
0.1 0.1 e
—— M3VAD M3VAD
0.0 0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.0 0.1 0.2 0.3 0.4 0.50.6 0.7 0.8 0.9 1.0
Recall Recall
(a) HAM Dataset (b) BM Dataset
1.0 1.0
—— GIAD-ST
a3 ScatSimCLR 30 0.9
0.8 —— CLIP_ViT-B/32 0.8
0.7 — CMSSL AD 0.7
—— M3VAD -
0.6 S 06
0.5 8 oMo I 158 NS R I S U IO S R A
0.4 204
0.3 0.3 ScatSimCLR_30
0.2 - —— CLIP_ViT-B/32
o, —— CMSSL AD
' 01 —— M3VAD
70.00.10.20.30.4 0.5 0.6 0.7 0.8 0.9 1.0 T ——————————————
Recall Recall
(c) AnoVG Dataset (d) UCSDped2 Dataset

Figure 3.5: Comparison of PR curves on the four datasets.
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3.4.3 Results and analysis

Fig. 3.4, Fig. 3.5, and Table 3.2 show the ROC curves, PR curves, and ROC-AUC/AUPRC
scores of M3VAD compared with the baselines on the four datasets, respectively. We

have the following findings based on the results:

1. M3VAD outperforms all the baseline methods on the HAM, BM, and AnoVG
datasets, achieving 0.023 — 0.174, 0.014 — 0.097, and 0.055 — 0.319 improve-
ments in terms of ROC-AUC scores, respectively. These results validate the su-
periority of our method in identifying anomalies at the image level. The key fac-
tor behind this improvement would be the model’s ability to extract high-quality
multimodal representations. This advantage can be attributed to the integration

of both multimodal contrastive learning and unimodal multiview objectives.

To illustrate this advantage, Figure 3.6 presents a 2D visualization of the learned
multimodal representations using the t-SNE method [1]. t-SNE is a non-linear
dimensionality reduction technique that preserves local structures while provid-
ing a visualization of high-dimensional data in a lower-dimensional space. This
method is particularly useful for understanding how well a model separates nor-

mal and anomalous samples in the learned feature space [90].

Figure 3.6 confirms this advantage, where M3VAD produces well-separated,
compact clusters compared to ScatSimCLR _30 and CLIP_ViT.B.32. The effec-
tiveness of M3VAD is evident in the distinct clusters, which are visible in the
t-SNE projection, demonstrating that our approach better structures the normal
feature space while isolating anomalies more effectively. In contrast, the feature
embeddings obtained from ScatSimCLR _30 appear more scattered, likely due to
its unimodal nature, which lacks cross-modal contextual supervision. This na-

ture makes it harder to refine feature representations, leading to a less structured
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Figure 3.6: 2D Visualization with t-SNE [1] of the features extracted by (a) M3VAD ,
(b) ScatSimCLR [7], and (c) CLIP [8] for the HAM test split [4].

latent space. On the other hand, CLIP_ViT.B.32 produces entangled clusters,
which can be attributed to its large model capacity relative to the small dataset
size. ViTs typically require extensive data to develop well-separated feature
spaces, as they rely on large-scale self-attention mechanisms that struggle with

limited training data [85].

2. M3VAD outperforms all baseline methods in terms of AUPRC scores across
the HAM, BM, and AnoVG datasets, achieving improvements of 0.068 — 0.433,
0.005 —0.285, and 0.149 — 0.48, respectively. These results suggest that M3VAD
is more reliable in distinguishing between normal and abnormal cases while
maintaining higher precision, particularly at high recall values.

Figure 3.5 provides evidence of this advantage by illustrating the Precision-
Recall (PR) curves. In the HAM and BM datasets (Figures 3.5.a and 3.5.b),
M3VAD consistently achieves higher precision than the baselines, even as recall
approaches 1.0. These findings suggest that M3VAD maintains its reliability
in detecting abnormalities while minimizing false positives. Similarly, in UCS-
Dped2 (Figure 3.5d), M3VAD achieves the highest PR curve across most recall

values, outperforming the baseline methods.

The results from Figure 3.5 also show that anomaly detection in AnoVG is chal-
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CMSSL _AD ScatSimCLR 30 CLIP_RN50 GIAD ST

Figure 3.7: Comparison of the attention maps for normal images (a), (b), and (c) for
HAM, BM, and AnoVG, respectively.

lenging compared to the other datasets. This observation is supported by the
larger AUPRC gap between M3VAD and the baselines in Figure 3.5¢, where the
precision of baseline methods fluctuates significantly across recall values. The
qualitative results in Figure 3.8 further support this claim by demonstrating that
baseline models often focus on irrelevant background features, whereas M3VAD
correctly attends to human-related elements, which are crucial for anomaly de-
tection in human monitoring scenarios.

The Grad-CAM [91] visualizations in Figure 3.8 illustrate this advantage. While
M3VAD accurately identifies anomalous human actions, baseline models fre-

quently misplace their attention. For example, in Figure 3.8.c, where a person
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Figure 3.8: Comparison of the attention maps for abnormal images for (a) HAM, (b)
BM, and (c, d) AnoVG.
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is performing an unusual action, M3VAD focuses on the individual, while other
methods focus on the sky or the vehicle. Similarly, in Figure 3.8.d, M3VAD
detects the unusual levitating posture of the person, whereas other models high-
light background structures instead of the actual anomaly. These visualizations
provide evidence that M3VAD’s multimodal approach improves context-aware

anomaly localization, reducing false positives and misclassifications.

. M3VAD achieves the largest performance gap over the baselines in the AnoVG
dataset, with improvements of 0.055 in ROC-AUC and 0.149 in AUPRC. These
results demonstrate the model’s ability to detect anomalies effectively, even in
small-scale datasets. This advantage is derived from M3VAD’s joint use of mul-
timodal and multiview objectives, which enable it to learn more structured and

meaningful feature representations with fewer data.

To better understand this improvement, Figures 3.7 and 3.8 provide a qualitative
comparison of Grad-CAM [91] attention maps across different methods. These
visualizations highlight key differences in the models’ attention mechanisms.
As discussed in finding 2, M3VAD demonstrates superior anomaly localization
by correctly focusing on human-related regions and their interactions with ob-
jects, while baseline methods often misplace attention on background elements
or non-informative regions. However, this improvement is not limited to abnor-
mal data, the same pattern is observed in normal samples, as shown in Figure
3.7. Here, M3VAD maintains well-structured attention, focusing on people and
relevant objects, whereas the baseline methods tend to scatter attention across

the background, exhibiting inconsistent attention patterns even in normal cases.

. Our results indicate that ScatSimCLR _30, the largest ScatSimCLR variant, is the

second-best performing model. While it achieves competitive performance on
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Figure 3.9: Comparison in terms of ROC-AUC and number of trainable parameters

the HAM and BM datasets, its performance degrades on the AnoVG and UCS-
Dped2 datasets. One possible explanation is that ScatSimCLR _30 is a purely
unimodal model which lacks the cross-modal supervision necessary to capture
context well in small datasets. Without multimodal guidance, the model may
learn feature representations that do not effectively separate anomalies from nor-
mal samples, particularly in limited data scenarios.

Figure 3.9 supports this observation, as it shows that ScatSimCLR _30 has a sim-
ilar number of trainable parameters to M3VAD, yet its ROC-AUC score is sig-
nificantly lower, especially on the AnoVG dataset. This fact suggests that in-
creasing model complexity alone does not guarantee better anomaly detection
performance when data is scarce. These results suggest that multimodal learn-
ing could be beneficial for improving generalization, particularly when data is

scarce.

. M3VAD consistently achieves the highest ROC-AUC and AUPRC scores across

all datasets, demonstrating its superior anomaly detection capabilities. However,
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its performance on UCSDped?2 is lower compared to HAM and BM, achieving an
ROC-AUC of 0.713, as shown in Table 3.2. While M3VAD still outperforms all
baseline methods, the gap is narrower, with CLIP_ViT.B.16 and CLIP_ViT.L.14
achieving ROC-AUC scores of 0.671 and 0.650, respectively.

The primary reason for this difference lies in the nature of static image anomaly
detection versus video-based anomaly detection. Unlike HAM and BM, where
anomalies are identified through contextual interactions between humans and
objects, anomalies in UCSDped?2 often rely on motion patterns, such as skaters,
bikers, or small carts moving through a pedestrian area. Since M3VAD does
not incorporate temporal dependencies, it cannot leverage motion cues, making

certain anomalies harder to distinguish from normal behaviors.

Despite this challenge, M3VAD still outperforms all baselines on UCSDped2,
demonstrating that a well-structured multimodal feature space provides robust
anomaly detection, even in scenarios where motion information is crucial. No-
tably, M3VAD maintains higher precision at high recall values, as illustrated in
Figure 3.5.d, meaning it detects a significant portion of anomalies while con-
trolling false positives. These results suggest that even without temporal cues,

multimodal learning significantly enhances anomaly detection at the image level.

. As discussed in finding 5, M3VAD achieves the highest performance among
all baseline methods on UCSDped?2, but its performance remains lower com-
pared to HAM and BM. This difference is primarily due to the fundamental
distinction between image-based and video-based anomaly detection. While the
proposed method effectively captures contextual anomalies in static images us-
ing multimodal and multiview representations, UCSDped2 contains anomalies

that depend on motion cues rather than object relations or scene context. Many
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Figure 3.10: Examples of abnormal events from the UCSDped?2 [9] dataset. A skater
is seen on the pedestrian walkway, highlighted by a red arrow.

anomalous activities in this dataset, such as people skating or riding bicycles, are
not always visually distinguishable from normal pedestrian behavior in a single
frame. As shown in Figure 3.10, a skater captured in one frame appears sim-
ilar to a walking pedestrian because the defining characteristic (the motion) is
missing. This limitation is inherent in static image anomaly detection, whereas
video-based approaches can utilize temporal information to track movement pat-

terns across frames.

Despite the difficulty of detecting motion-based anomalies in static images, im-
age anomaly detection remains an essential approach in human monitoring sce-
narios where processing single frames is more practical than analyzing video
sequences. For instance, in fields such as biometric screening, medical imaging,
and occupational safety monitoring, static image analysis is widely employed

because motion information is not required [92].

Unlike video-based methods, which require significantly more computational
resources to track motion over time, static image-based approaches are more
efficient and applicable in scenarios where analyzing individual frames is suffi-
cient. Video anomaly detection requires continuous frame processing, leading to

substantial computational costs and storage demands, making it impractical for
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real-time monitoring in many environments [93]. Additionally, the annotation
process for video-based models is significantly more complex and expensive,
further limiting the scalability of video anomaly detection systems [93]. The
ability to analyze single frames also simplifies data annotation, making image-

based methods more practical [94].

Our findings highlight the need for future work to integrate temporal represen-
tations into the existing multimodal framework, allowing the model to enhance

anomaly detection in cases where movement patterns play a crucial role.

. Another factor that may influence M3VAD’s performance on UCSDped?2 is the
accuracy of the automatically generated captions. The model relies on captions
to capture semantic relationships between humans and objects, which aids in
anomaly detection. However, the GIT captioning model [84], while highly effec-
tive for our primary target problem of image-level anomaly detection in human-
object interactions, struggles in video-based scenarios where motion information

18 essential.

GIT was chosen for this study due to its strong performance in describing human-
object interactions in single images, a crucial aspect of anomaly detection at the
image level. Unlike region-based captioning models that may focus on isolated
objects without capturing full contextual interactions, GIT generates scene-level
descriptions. This capability aligns well with our target problem, where anoma-
lies often stem from unusual contextual relationships between a person and sur-
rounding objects, rather than from motion cues. The effectiveness of GIT in
this regard is evidenced by M3VAD’s strong performance on HAM, BM, and

AnoVG, where static images provide sufficient context for anomaly detection.

However, in UCSDped2, where many anomalies are motion-dependent, e.g.,
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a group of soldiers walk through a city. a group of children play on a public park. a group of people walk through a city.

Figure 3.11: Examples of normal and abnormal events from the UCSDped?2 [9] dataset
along with their captions. On the left: a normal event with pedestrians on the walkway.
In the middle: an abnormal event with a skater on the walkway. On the right: an
abnormal event with a bicycle being ridden on the walkway.

skaters, cyclists, or small carts moving through pedestrian areas, the lack of tem-
poral modeling in GIT becomes a limitation. Since GIT is designed for static
image captioning, it does not incorporate motion cues, resulting in captions that
fail to differentiate dynamic anomalies from normal pedestrian activity. This
shortcoming is evident in Figure 3.11, where similar captions are generated for
distinct activities, including walking, skating, and cycling. The inability to cap-
ture movement reduces the discriminative capacity of the multimodal features
extracted from UCSDped2 images.

To address this limitation, our future work will explore integrating a video cap-
tioning method to capture temporal dependencies and motion cues, making M3VAD
better suited for datasets like UCSDped2, where anomalies depend on move-
ment rather than static attributes [95]. Despite the current limitations, the results
indicate that M3VAD still achieves the highest overall performance among base-
line methods, suggesting that multimodal learning can be effective even in cases

where motion-based information is not explicitly modeled.
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3.4.4 Component Analysis and Evaluation

This section evaluates the effectiveness of different components in M3VAD. Our objec-
tive is to assess how each part of the model contributes to performance and to analyze
its robustness across different settings. We conduct three key experiments: (1) an anal-
ysis of how varying the amount of training data used for support sets impacts model
stability, (2) an evaluation of the clustering quality, and (3) a study of M3VAD’s indi-
vidual components. These experiments provide insights into the model’s effectiveness

in handling small datasets and capturing meaningful anomaly representations.

3.4.4.1 Impact of Support Set Size on Stability

The effectiveness of M3VAD in anomaly detection is influenced by the composition
of the support sets used in training. Given that one-class learning inherently lacks
negative samples, conventional validation techniques become impractical. Instead, a
statistical approach was adopted to assess the model’s robustness by systematically
varying the proportion of training data allocated to create the support sets and evalu-
ating the corresponding detection performance. To analyze the stability of the model,
experiments were conducted by adjusting the support set size across a range of values:
{10%, 30%, 50%, 70%, 90%}. Each configuration was tested over ten independent
trials to account for variations in sample selection, thereby providing a distribution of
ROC-AUC scores that offers an insight into the model’s consistency.

Different from conventional settings where validation sets are used for model selec-
tion [96], one-class anomaly detection presents a fundamental challenge: the training
data contain only normal (positive) examples, with anomalies appearing solely in the
test phase [76]. This constraint makes it impractical to define a validation set that

provides meaningful generalization feedback. Instead, our experimental methodology
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relies on repeated trials and variance analysis, ensuring that performance stability can
be assessed empirically. The results from Table 3.3 confirm that for datasets with suf-
ficient training samples, such as HAM and BM, variance remains low, reinforcing the
reliability of the learned representations.

For instance, as shown in Table 3.3, in the HAM dataset, the ROC-AUC score for
the 90% support set reaches 0.978, with a variance of 1.24 x 107>, indicating highly
stable performance. Similarly, the BM dataset achieves a mean ROC-AUC of 0.971
with a variance of 2.74 x 1073, demonstrating robustness in larger datasets. However,
for smaller datasets such as AnoVG and UCSDped?2, variance values are comparatively
higher at 1.03 x 10~* and 4.18 x 10~*, respectively, reflecting the increased sensitivity
to training data availability. These findings highlight the necessity of maximizing the
support set size in practical deployments, particularly for datasets with limited training
samples, where variability in representation learning could impact performance.

Figure 3.12 illustrates the ROC-AUC score value of M3VAD for the four datasets
using boxplots, each of which displays the lower quartile, median, and upper quartile
of the ROC-AUC scores in a box, and extends the box from the lowest to the highest
scores by a line segment. The results, summarized in Figure 3.12, indicate that increas-
ing the proportion of data used for support sets leads to an improvement in detection
performance. This trend is evident in the reduction of standard deviation across trials,
signifying enhanced model reliability when trained with a higher percentage of support
data. As observed in Figure 3.12, the HAM and BM datasets maintain consistently low
variability across different support set sizes, indicating that even with moderate data,
stable feature representations can be learned. In contrast, the AnoVG and UCSDped2
datasets exhibit greater variability, particularly at lower support set sizes, which sug-
gests that these datasets are more sensitive to training data availability due to their

limited sample sizes.
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Figure 3.12: Distributions of the ROC-AUC score on the datasets for different support
sets sizes.

Table 3.3: Mean and Variance of ROC-AUC Scores for 90% Support Set Across
Datasets.

Dataset Mean ROC-AUC Variance

HAM 0.9789 1.24 % 1073
BM 0.9715 274 %1073
AnoVG 0.9188 1.03 x 10~*
UCSDped2 0.6915 4.18 x 10~*

70



3.4.4.2 Effect of Clustering Refinement on Anomaly Detection

Our objective is to test whether our anomaly score, derived from the refined cluster-
ing algorithm using the prototypical loss, provides superior performance compared to
well-established One-Class Learning (OCL) methods. To this end, we conducted a
study comparing our approach against widely used OCL algorithms, including One-
Class SVM (OCSVM) [97], Isolation Forest [98], and Local Outlier Factor (LOF)
[99]. These methods rely on feature representations to distinguish between normal and
anomalous instances. Given that M3VAD also produces feature representations, a di-
rect comparison using the same feature space ensures a fair evaluation of the clustering
refinement introduced in our approach.

To conduct this study, we used multimodal representation r defined in Equation
(3.7) as multimodal features to train the OCL algorithms on the training set. The
trained OCL models were then applied to test set features r* for anomaly detection.

The results, summarized in Figure 3.13, demonstrate that M3VAD consistently
achieves higher ROC-AUC scores than traditional OCL algorithms across all datasets.
The second-best method varies depending on the dataset. For instance, in the HAM
dataset, M3VAD achieves an ROC-AUC of 0.99, whereas Isolation Forest is the second-
best with 0.85. In the BM dataset, M3VAD attains 0.98, with LOF ranking second at
0.79. Similarly, in the AnoVG dataset, M3VAD outperforms Isolation Forest by a no-
table margin (0.94 vs. 0.73). In the UCSDped?2 dataset, the performance difference is
smaller, with M3VAD reaching 0.71 and LOF achieving 0.70. These results underscore
the robustness of our anomaly score in diverse anomaly detection scenarios.

The superior performance of M3VAD can be attributed, in part, to the refinement
of the clustering algorithm through the prototypical loss. By minimizing £, each

multimodal representation r; is encouraged to align more closely with its correspond-
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ing multimodal prototype ¢;, while maximizing the distance to other prototypes ¢, as
explained in Section 3.3.2.2. This refinement improves the structuring of the feature
space, contributing to more effective anomaly detection. While the observed improve-
ments suggest that prototypical loss enhances the clustering process, further analysis
with alternative loss functions could provide additional insights into its specific im-
pact. Our future work could explore variations in the clustering objective to further
validate the role of £, in anomaly detection. The limitations of the OCL methods
in this study can be explained by their sensitivity to the nature of multimodal fea-
tures. OCSVM, for instance, struggles with high-dimensional spaces and is highly
sensitive to the hyperparameter setting, leading to inconsistent results in an unsuper-
vised setting [100]. Isolation Forest, which relies on axis-parallel data partitioning,
is often ineffective in complex feature spaces where anomalies are not easily sepa-
rable [98]. LOF, on the other hand, suffers from the curse of dimensionality, which
makes distance-based anomaly detection unreliable in high-dimensional feature rep-
resentations [99]. Given that M3VAD refines the clustering structure within the same
feature space, its superior performance highlights the effectiveness of the prototypical

loss in structuring meaningful clusters for anomaly detection.

3.4.4.3 Effectiveness of Multimodal and Unimodal Objectives

We further investigate the effectiveness of the components in our method, i.e., the im-
pacts of jointly considering unimodal multiview and multimodal objectives in M3VAD
to gain a better understanding of the contribution of each component. The goal of this
study is to determine whether both types of objectives independently contribute to
improving the model’s ability to detect anomalies. To ensure a fair evaluation, we fol-

lowed the same experimental framework used for the baseline methods discussed in
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Figure 3.13: Comparison with OCL methods in terms of ROC curves and ROC-AUC
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Section 3.4.2.3, applying the same feature extraction process and test-time anomaly
detection approach.

The evaluation consists of two experimental setups. The first considers the impact
of multimodal objectives, specifically the cross-modal alignment and prototype-based
clustering, by considering only the multimodal loss functions while omitting unimodal
objectives. We intentionally avoid handling these multimodal objectives separately for
two reasons. First, the prototype objective serves as an auxiliary component, enhancing
the model’s understanding of normality by refining the clusters. Second, considering
only the cross-modal objective would yield results equivalent to Chapter 2, which were
discussed in Section 3.4.3.

The second setup isolates the effect of unimodal objectives by training separate
models using only image-based and text-based contrastive learning without multi-
modal components. These controlled experiments allow us to determine whether the
combination of both multimodal and unimodal objectives leads to superior anomaly
detection performance.

To investigate the role of multimodal learning, we implement a variation of M3VAD
that relies exclusively on the multimodal clustering and alignment objectives (denoted
as MM _prototype). Similarly, to analyze the importance of unimodal contrastive ob-
jectives, we implement variations trained using either image-based nearest-neighbor
contrastive learning (NN_image) or text-based nearest-neighbor contrastive learning
(NN_text). These variations ensure that each objective’s contribution is isolated while
keeping all other settings consistent.

The results summarized in Table 3.4 confirm that the full M3VAD model outper-
forms all individual variations, demonstrating that integrating both multimodal and
unimodal objectives is essential for improved performance. The multimodal prototype-

based clustering significantly improves anomaly detection, as evidenced by the lower
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Table 3.4: Ablation study of the key components of M3VAD.

Dataset ROC-AUC AUPRC
Model HAM BM AnoVG UCSDPed2 | HAM BM AnoVG UCSD Ped2
MM prototypes | 0.923 0.968  0.864 0.636 0.692 0.851 0.408 0.887
NN _Text 0.843 0.878 0.895 0.573 0.685 0.577 0.480 0.861
NN _Image 0.932 0945 0.751 0.662 0.812 0.670  0.300 0.902
M3VAD 099 0987 0.940 0.713 0.960 0.905 0.662 0.907

performance of the models that rely solely on unimodal learning. Similarly, the NN _text
model achieves the best performance among variations for the AnoVG dataset, high-
lighting the robustness of the textual features in certain scenarios.

The effectiveness of the textual features in providing semantic consistency is evi-
dent in situations where intra-object variations occur. However, the reliance on textual
descriptions also introduces challenges when captions are inaccurate. As shown in
Figure 3.14, the test sample’s caption does not precisely match the visual content, as
it describes the woman as “holding” the teddy bear, whereas in the training image,
the teddy bear is on the table. Despite this discrepancy, the caption still retains the
core semantic elements of the scene, namely the woman and the teddy bear, ensur-
ing a degree of consistency in the latent space. This property can be beneficial when
captions provide correct but flexible representations of the scene, allowing the model
to generalize across variations in pose, angle, or object placement. However, when
captions are significantly inaccurate, they introduce misleading relationships between
normal and anomalous instances, affecting the similarity-based anomaly score. This
issue is particularly evident in the UCSDped?2 dataset, where lower-quality captions,
as shown in Figure 3.11, lead to incorrect feature alignments, reducing the effective-

ness of the similarity component in the anomaly score. As a result, the distance score
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a woan sitting in a
chair,teddy bear on the chair, woman is holding
table. a teddy bear.

Figure 3.14: Training and test images from the HAM dataset taken on different days.
On the left: a training sample showing a woman with a teddy bear on the table. On
the right: a test sample of the same woman with the teddy bear on the table. The test
image’s caption is inaccurate but still relates to the woman and the teddy bear.

outperforms the combined similarity-distance score in that dataset, as seen in Figure
3.15. These findings emphasize that while language features improve robustness to
intra-object variations, their effectiveness is dependent on caption accuracy.

Further considering the contribution of multimodal and unimodal objectives, we
also analyze the effectiveness of our anomaly score function. Specifically, we examine
the impact of using (1) the distance-based score, (2) the similarity-based score, and (3)
the combined anomaly score in Equations (3.15), (3.13), and (3.14), respectively. Fig-
ure 3.15 illustrates the ROC-AUC scores across all datasets for each scoring method.

The results demonstrate that the combined anomaly score consistently achieves the
highest ROC-AUC scores for the HAM, BM, and AnoVG datasets. Additionally, the
ROC curve of our method almost always dominates those of the distance and similarity
scores, confirming the robustness of our approach. These findings validate that the in-
tegration of both scores enhances detection performance by leveraging complementary

aspects of multimodal embeddings.
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Figure 3.15: Comparison of anomaly scores in terms of ROC curves and ROC-AUC
scores.
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3.5 Conclusion

In this chapter, we proposed an end-to-end contrastive VLM for anomaly detection to
capture and extract abstract contextual information across modalities using multimodal
and multiview objectives. We see that the combination of unimodal pre-trained features
is insufficient in quality for human monitoring. Therefore, improving the quality of
the feature space allows the cross-modal features to create well-defined groups. At the
same time, we improved the groups in the latent space, learning the distribution of nor-
mality by a clustering algorithm and a contrastive objective based on prototypes. We
also notice that the majority of contrastive VLM methods need large-scale datasets to
learn high-quality representations. Therefore, using multiple views of the same data fa-
cilitates the learning of high-quality multimodal representations with small-scale data.
Experiments on four real-world datasets demonstrate the superiority of our method in
terms of detecting unseen anomalies which contain contextual information.

There are several directions which can be explored for future research, including
(1) proposing a cross-modal attention mechanism to discard parts of the feature vectors
in each modality that do not contribute to the detection, (2) determining the level of
contribution of each part of an image and sentence to add an explanatory component to
the detection method, (3) incorporating a video captioning method to improve captions
on datasets that contain videos, and (4) extending our method to recognize anomalies

in videos more accurately by including temporal relationships in the model.
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Chapter 4

Leveraging Vision Language Models
for Understanding and Detecting

Violence in Videos

4.1 Overview

This Chapter builds on the vision language modeling approaches introduced in Chap-
ters 2 and 3 and addresses the specific challenges of violence detection, focusing on its
unique temporal and ethical complexities in video-based human monitoring scenarios.

As discussed in Section 1.3, existing approaches based on handcrafted features,
supervised deep learning, or generative VLMs often fail to generalize across diverse
environments and struggle with contextual bias, limited data, and lack of transparency.

To address these challenges, we introduce VIVID (Vision-Language Integration for
Violence Identification and Detection), a generative VLM-based framework designed

for interpretable and bias-aware violence detection. VIVID extends prior methods by
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incorporating both temporal modeling and retrieval-augmented contextual reasoning.
Inspired by the representation learning strategies used in CMSSL-AD and M3VAD,
VIVID aligns visual and textual features in a shared semantic space and enhances
decision-making by incorporating external definitions of violence.

The proposed framework consists of two stages: (1) key-frame selection based on
motion analysis to reduce redundancy and focus on high-impact segments, and (2)
Retrieval-Augmented Context Awareness, where VLMs generate multimodal embed-
dings of selected frames and compare them against violence-related definitions re-
trieved from an external knowledge base. This design allows the model to make clas-
sification decisions that are context-sensitive and semantically grounded, improving
both robustness and transparency.

This Chapter introduces a generative VLM framework that enhances interpretabil-
ity and bias awareness through semantic grounding in external knowledge. By combin-
ing key-frame selection with retrieval-augmented classification, the proposed method
improves efficiency and robustness in data-scarce video-based monitoring. Through
extensive evaluation, VIVID demonstrates its ability to generalize across diverse sce-
narios and provides a transparent decision-making process tailored to the ethical and
contextual demands of violence detection. This Chapter concludes the thesis’s explo-
ration of contrastive and generative VLM paradigms, illustrating how external knowl-
edge and semantic alignment can overcome the limitations of conventional models in

human monitoring.

4.2 Problem formulation

Our objective is to detect violence within video clips in the context of human monitor-

ing. Given the scarcity, diversity, and limited availability of labeled data specifically
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containing violent content, we approach this problem as a zero-shot violence detection
scenario, i.e., without prior training on video clips from target datasets that include
violence or non-violence classes.

Following this setting, the model receives as input a set of video clips {(C;)}",.
For C;, the model produces two outputs: an associated class prediction ¥; € {0, 1} and
an explanatory text e; detailing the classification decision. In this context, a class label
of 0 represents non-violent content, while 1 denotes violent content.

Our focus lies in the specific detection of physical violence defined as an act at-
tempting to cause, or resulting in, pain and/or physical injury, or damage to the state
of something [101].

To assess the effectiveness of our method, we employ accuracy and F1-score.
These evaluation measures collectively provide insights into the model’s performance,

ensuring robustness and reliability in detecting violent content within video clips.

4.3 Proposed method

4.3.1 Overview

We propose VIVID: Vision-Language Integration for Violence Identification and Detection.
This method leverages the strengths of Vision-Language Models (VLMs) and Lan-
guage Models (LLMs) to provide a robust, interpretable solution for video violence
detection.

The detailed steps of the VIVID algorithm are outlined in Algorithm 2. It involves
two main processes: key-frame selection and violence detection.

In the first step, key-frame selection, the model utilizes optical flow [102] analysis

to quantify motion within the video. For each frame I; in the video C, the magnitude
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Algorithm 2: Violence Detection using VIVID for a single video clip C

Input: Video clip C, Knowledge base KB, Number of frames k
Output: Prediction y and Explanation e

1 // Key-frame Selection;

2 key_frames < Top k frames with the greatest magnitude of motion;

3 // Modality Translator;

4 definitions < [|;

5 for each frame I, € key _frames do

6 V; + Q_Former(I;);

7 | Vi<« mean(V,);

8 | D« retrieve_definition(V%,KB,1,) ;definitions.append(Dy);

9 // Definition Retriever;

10 Dy < select_definition(definitions);

11V} < reorder_queries(queries, Dy);

12 // Modality Translator;

13 Ty + FC_layer(V});

14 // Output Generator;

15 Q, < ’Is this video violent?”;

16 T, < LLM tokenizer(Q,) ;T4 < LLM tokenizer(Ds);
17 final_prompt < create_prompt(T,, Ty, Tq);

18 (¥,e;) < LLM _process(final prompt);

19 return (y,e)
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of motion is computed and stored. The frames with the highest motion activity are
selected as keyframes, capturing essential moments that potentially contain violent
actions.

In the second step, violence detection, the model performs several sub-tasks to an-
alyze the keyframes. It begins by translating each frame into visual queries V; through
the Q-Former [17], enabling direct comparison with text embeddings. The definitions
related to each query D; are then retrieved from the knowledge base KB. The most
relevant definition for the video Dy is then selected from the list that contains all the
definitions of each frame. The append(x,y) function is used to add the element y to
the list x. In this context, it is utilized to add new items to lists queries and definitions
during the processing steps.

Dy is used to reorder V; to mitigate the ‘lost in the middle’ effect, which will
be explained in detail in Section 4.3.3.2. The reordered queries V) are subsequently
processed through a fully connected layer to create visual tokens. A prompt is created
using the visual tokens, definition tokens, and user query tokens. The final prompt is
then processed by the language model to produce a label indicating whether the content
is violent or not, along with an explanatory text detailing the classification decision.

A summary of the architecture is shown in Figure 4.1.

4.3.2 Key-frame selection

As we explained in Section 1.2, violent content is scarce and has limited availability.
This scarcity makes it challenging to train models that can generalize patterns asso-
ciated with violent actions. To address this issue, we propose using optical flow to
extract potential violent frames.

Optical flow [102] effectively captures dynamic movements in video sequences,
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Figure 4.1: Architecture of the proposed method.

which are often indicative of violent behaviors. By semantic definition, a violent ac-
tion involves forceful behaviors like hitting, kicking, or grappling, which inherently
exhibit a greater degree of motion compared with other non-violent activities [103].
Consequently, we extract potential violent frames by calculating the norm of dense
optical flow vectors, summarizing the overall motion magnitude.

Several alternatives to optical flow could be considered for frame extraction, in-
cluding traditional approaches like Frame Differencing and Background Subtraction
[104], as well as more advanced techniques such as Motion History Images (MHI)
[102]. For instance, Frame Differencing calculates the difference between consecutive
frames to detect changes in the scene. While simpler and computationally less expen-
sive, it may miss subtle movements and fail to capture complex motion patterns asso-
ciated with violent actions [104]. Similarly, Background Subtraction isolates moving
objects by subtracting a background model from each frame. However, it is suscepti-
ble to lighting changes and background clutter, leading to false detections [104]. MHIs
create a motion that represents a single image over time by accumulating motion in-

formation. However, they may blur detailed motion information and do not provide
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designated frames in the video [105], making it challenging to identify and extract
frames corresponding to specific violent actions.

Unlike these alternatives, optical flow offers a balanced approach that effectively
captures dynamic motion. It quantifies the velocity and direction of motion at each
pixel, providing detailed information about movements within the scene [104]. This
granularity is essential for identifying violent actions, which typically involve rapid
and forceful movements. Additionally, optical flow is computationally efficient and
can be applied to both low-resolution and high-resolution video data.

The importance of using optical flow in violence detection scenarios has been em-
phasized in several works [15, 106—108]. These methods utilize optical flow to extract
trajectories, build descriptors, or extract features from video data. However, they pri-
marily use optical flow for training models to learn patterns from violent video content,
whereas our approach focuses on selecting key-frames directly based on motion mag-
nitude.

Consider video clip C that is decomposed into a set of frames, where a frame
at time 7, represented as I(x,y,#), with (x,y) being the pixel coordinates. The dense
optical flow relates the partial derivatives of image intensity with respect to spatial

coordinates and time as follows:

Lo-ux + 1y -uy +1; = 0, “4.1)

where, I, and I, are the spatial gradients of image intensity in the x and y directions,
respectively, and ; is the temporal gradient. u, and u, represent the flow velocities
in the x and y directions, respectively. The norm of optical flow for a single pixel is
calculated as:

Jul =/ (12)? + (uy)*. 4.2)
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By summing the norms across all pixels in the frame, we obtain the total motion

magnitude for the frame as:

Uy=Y Y lu(xy1). 4.3)
x oy

After calculating U; for different frames along the video, we extract the top k frames
with the highest values, which we assume correspond to the frames containing the
highest activity. These frames serve as input for the subsequent analysis.

We acknowledge that extracting keyframes with the highest activity does not guar-
antee selecting all violent frames. For instance, high-speed motion, such as a passing
car, might deceive the optical flow selector, causing it to neglect frames with slow-
motion violence, such as a person threatening another with a knife. In such cases,
VIVID may fail to detect the violent scenario. We leave this challenge to our future
work, which can be addressed by incorporating the detection of potentially dangerous

objects during the frame selection process.

4.3.3 Violence detection

In this step, we combine a Vision Language Model (VLM) [17] with a Large Language
Model (LLM) to detect violence in videos. The detection process involves several key
modules working together, as illustrated in Figure 4.1.

The Modality Translator component translates visual data from the video frames
into sequence of tokens, which can be processed by the LLM. This process involves
using the VLM’s Q-Former to generate visual queries V;. After reordering the queries
V?;, they are processed by a fully connected (FC) layer that converts them into tokens
T, compatible with the LLM. This translation ensures that the visual information is

appropriately represented for subsequent analysis.
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Following this step, the Retrieval module plays a critical role. It retrieves relevant
information by comparing V; with the definitions in the knowledge base KB, identi-
fying the most pertinent violence-related definitions D;. From these steps, we extract
the most relevant definition Dy for the entire video. To address the ‘lost in the middle’
effect often observed in LLMs, the visual queries are reordered to prioritize the most
relevant information, ensuring the LLLM receives a coherent and contextually appropri-
ate set of inputs.

Finally, the Generator module combines T, user query tokens T, and the most rel-
evant definition tokens Ty to create a comprehensive final prompt. This prompt is then
processed by the LLM, which generates a response to the user’s query, determining

whether the video contains violent content.

4.3.3.1 Modality translator

As shown in Figure 4.1, we selected an architecture based on BLIP-2 [17] for the
VLM. This architecture includes a Q-Former, which provides visual queries containing
visual representations V; corresponding to the text, making them directly comparable
with text embeddings in a common subspace. Additionally, the VLM has a fully-
connected (FC) layer that linearly projects the reordered visual queries V) to match
the input dimension of LLM. This design means that the FC layer acts as a visual
tokenizer, converting the reordered visual queries into a set of tokens Ty that the LLM
can process. The reordering of visual queries ensures that the most relevant visual
information is emphasized, which is crucial for accurate analysis. This process will be

explained in detail in Section 4.3.3.2.
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4.3.3.2 Definition Retriever

In this Section, we explain the processes of retrieving the definitions to ensure their rel-
evance and accuracy for violence detection. We break down this Section into three sub-
parts: Creating KB, where we define and build the knowledge base of violence-related
terms and definitions; Relevant Term Retrieval, which covers how visual queries are
compared with the knowledge base to extract the most relevant definitions; and Re-
ordering Visual Queries, where we discuss the reordering of visual queries to prioritize

the most pertinent information, mitigating the ‘lost in the middle’ effect in LLMs.

Creating KB Retrieval Augmented Generation (RAG) [109] enhances LL.Ms by in-
tegrating external knowledge, such as databases, to improve performance in knowledge-
intensive or domain-specific applications that require continually updating informa-
tion [110]. RAG retrieves relevant documents based on the user’s query and combines
them with the original prompt to generate a response.

Our proposed method addresses biases within LLMs by drawing inspiration from
the RAG framework. However, instead of adding new information, it focuses on mit-
igating existing biases related to sensitive topics like violence. To achieve this goal,
we leverage the VLM output, which provides informative visual representations V,
corresponding to the text. Instead of relying on user queries to retrieve documents, we
compare these visual representations with a predefined set of violence-related terms
and definitions, referred to as the knowledge base KB.

Since, to the best of our knowledge, there is no existing comprehensive knowledge

base of violence-related terms, we propose one that is defined as:

KB:{(W15d1)7(W2;d2)7'"7(Wn7dn>}7 (44)
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where w; represents the i-th violence-related term (word) and d; represents the corre-
sponding definition.

We created the knowledge base (KB) of violence-related terms, comprising 48 en-
tries, each explaining various aspects of physical violence. These aspects include di-
rect physical contact, violent sports, collective violence, and broader terms denoting
physical force [111-114].

29 4é

First, direct physical contact encompasses terms such as “physical abuse”, “physi-
cal disputes”, “rape”, “battery”, and “fights”, describing incidents where physical harm
is directly inflicted upon individuals.

Regarding terms that frequently escalate into physical confrontations, this includes
“clash”, “assault”, “aggression”, and “confrontation”, highlighting situations that may
start as verbal or non-physical conflicts but can quickly escalate to physical violence.

In terms of violent sports, these are activities where the objective is to subdue
opponents through physical force, such as “boxing”, “wrestling”, “muay Thai”, and
“karate”, where physical engagement is a structured and accepted part of the sport.

For collective violence, the terms include “riot”, “brawl”, “vandalism”, and “scuf-
fle”, reflecting scenarios where multiple individuals are involved in violent acts, often
leading to public disorder or damage.

2% ¢

Lastly, broader terms denoting physical force encompass words like “war”, “sav-
agery”, “oppression”, “bullying”, and “genocide”, representing extensive and severe
forms of violence, highlighting large-scale or systematic acts of harm and intimida-
tion.

This diverse compilation ensures a comprehensive understanding of violence across
different contexts. The definitions were obtained from well-known sources, including

the Cambridge [113] and Oxford [114] dictionaries, Wikipedia [111], and Wex [112],

a legal dictionary sponsored by the Legal Information Institute at Cornell Law School.
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Relevant Term Retrieval By comparing V; with the violence-related terms in the
knowledge base, we identify the most relevant violence-related definition D; associated
with each content frame. Specifically, we calculate the similarity between the visual
representations of each frame and the textual definitions.

Given a video frame I, € R¥*W >3 the pre-trained Q-Former produces visual queries
V; € R¥*%_ Here, N is the number of visual queries obtained by the Q-Former, and
d, is the dimension of the visual embedding of each query, respectively. Subsequently,
we use the pre-trained text transformer from BLIP2 to obtain the definition embedding
D; € RM*4_ Here M is the number of text tokens, and the dimension of the embedding
of each token are set to dq. For each frame, we retrieve the definition from KB that has
the smallest squared Euclidean (L2) distance to the visual embedding.

In BLIP2 [17], to calculate the contrastive loss, they propose to compare the [CLS]
token from the text embedding and the visual query with the highest pairwise similar-
ity. However, since our goal is not to align visual and text representations, but rather to
select the most relevant violent definition for the video, we use mean pooling to com-
pare the entire visual sentence with the entire definition sentence. Specifically, through
the mean-pooling step, we obtain and compare the visual sentence V. € R% and def-
inition sentence D! € R%. After processing the top k frames, we select the definition
with the highest pairwise similarity across all frames as most relevant for the video.
We denote the definition sentence vector of the selected definition as Dj.

To further ensure semantic relevance, we apply a retrieval threshold T, to filter out
definitions whose similarity scores fall below a predefined value. In RAG systems,
a retrieval threshold is commonly used to filter candidate documents based on their
similarity to the input prompt. In our case, only definitions with similarity scores
above this threshold are passed to the Reordering module. Less relevant candidates

are discarded. This filtering process helps reduce the risk of incorporating unrelated or
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misleading context, which in turn mitigates hallucinations [115].

Reordering Visual Queries The ‘lost in the middle’ effect is a phenomenon ob-
served in LLMs where the model’s performance degrades when critical information
is situated in the middle of a long input context [116]. This phenomenon occurs be-
cause LL.Ms tend to focus more on the input’s beginning and end, often neglecting the
information in the middle. In our method, this effect poses a significant challenge.

To mitigate the ‘lost in the middle’ effect, we propose reordering the visual queries
to prioritize those that are more relevant to the violence definition. By aligning the
visual queries (V;) with the violence definition (Ds), the LLLM receives a coherent and
contextually appropriate set of inputs. This alignment ensures that the most critical
information is positioned at the beginning of each frame, where the LLM is more
likely to focus its attention.

By doing so, the LLM can better understand whether the visual content is directly
related to the definition of violence, enabling it to disregard irrelevant definitions when
necessary. Overall, this approach not only addresses the ‘lost in the middle’ effect but
also enhances the system’s robustness across diverse scenarios.

To reorder the visual queries, first, we compute a similarity vector S by calculating
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the dot product between V; and D; as follows:

S=(V,-Dy,...,V,-Dy). 4.5)

This similarity vector indicates how closely each visual query aligns with the defini-
tion. Next, we sort the indices of the visual queries based on their similarity scores in
descending order. This sorting arranges the visual queries from the most to the least
relevant according to their similarity to the definition.

Finally, the visual queries are reordered using these sorted indices, resulting in the
reordered visual queries V). This process is repeated for each of the top k frames to

ensure that the LLM receives a consistent and contextually relevant input.

4.3.3.3 Output Generator

To create the final prompt for the LLM, we extract the tokens from the user query
T, and the most relevant definition T4, obtained directly by the LLLM tokenizer. The
text embeddings are used solely for comparison purposes between visual and text data:
first, to obtain the most relevant violence-related definition for the video, and second,
to reorder visual queries according to this definition.

Finally, we receive from the Modality Translator module T for the corresponding
frame. We then combine Ty, Ty, and Ty to form the final_prompt: “Is this video:
<frame_1>, . . . , <frame_k> violent, considering that <definition> is also an
expression of violence?” This prompt enhances LLM’s understanding of the concept
of violence, helping to mitigate biases and ensure robustness across diverse scenarios.

Figure 4.2 illustrates an example using a single frame.
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4.4 Experiments

4.4.1 Datasets

Table 4.1 summarizes the five datasets we used in the experiments.

Hockey Fight Detection Dataset [33] was specifically created to introduce a new
video dataset for evaluating violence detection systems, where both normal and violent
activities occur in similar, dynamic settings. It contains 1 000 clips of action from the
National Hockey League (NHL) games. Each clip comprises 50 frames of 720x576
pixels and is manually labeled as “fight” or “non-fight”.

Movies Fight Detection Dataset [33] was constructed to explore the generalization
capacity of learning fight patterns. It consists of 200 video clips obtained from action
movies, of which 100 contain fight scenes, and 100 videos with non-fight scenes from
football games, and other events. The dataset contains videos depicting a wide variety
of scenes that were captured at different resolutions and are manually labeled as “fight”
or “non-fight”.

Surveillance Camera Fight Dataset [41] was collected mostly from YouTube. It
encompasses various fight scenarios, including kicks, fists, hitting with objects, and
wrestling. The dataset features footage from different locations such as cafes, bars,
streets, buses, and shops. In total, there are 300 videos in the dataset: 150 depict fight-
ing sequences, while the remaining 150 show non-fighting sequences. These videos
vary in resolution and frame numbers, and have an approximate duration of two sec-
onds each.

Real-World Fighting-2000 Dataset (RWF-2000) [40] was collected from YouTube.
It consists of 2 000 video clips captured from around 1 000 raw surveillance videos with

extended footage. This dataset is split into two parts: the training set (80%) and the
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Table 4.1: Dataset description.

Dataset Data Scale Length/Clip # Violent clips # Non-violent clips Source of scenarios

(# clips)
Movies 200 1.6-2 sec 100 100 Movies and sports
Surveillance 300 1.4-2 sec 150 150 CCTV and mobile cameras
Fight
RWE-20002 400 5 sec 200 200 CCTV and mobile cameras
Hockey 1000  1.6-1.96 sec 500 500 Ice hockey games
XD-Violence? 800 0-10 min 500 300 Movies, sports, games,

hand-held cameras,

CCTY, car cameras, etc.

test set (20%), in which half depicts violent behaviors, while the other half represents
non-violent activities. The videos have different resolutions and are uniformly cut into
5-second clips with a frame rate of 30 frames per second.

XD-Violence Dataset [117] is a large-scale and multi-scene dataset that was collected
from movies and YouTube. The dataset includes a total of 91 movies, which were used
to collect both violent and non-violent events. Additionally, in-the-wild videos were
collected from YouTube. This dataset has a total duration of 217 hours, containing
4754 untrimmed videos with audio signals and weak labels, from which 2405 are
classified as violent, while 2 349 are non-violent. The dataset is split into two parts: a
training set containing 3 954 videos and a test set with 800 videos. The test set consists

of 500 violent videos and 300 non-violent videos.
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4.4.2 Implementation details

In the Key-frame selection step, we utilized the Gunnar Farneback technique, which
is implemented in the Open Source Computer Vision Library (OpenCV)! to calculate
dense optical flow. We set the parameter k = 5, meaning that five frames are selected
to represent each video. This selection helps in reducing the computational load while
maintaining essential motion information. We employed a divide-and-conquer strat-
egy for longer videos, which we define as those containing more than 5000 frames.
This approach involves splitting the video into up to five parts, treating each part in-
dependently to manage the data more efficiently. A video is classified as violent if at
least one of its parts contains violent content.

For the VLM (modality translator), the architecture includes a Q-Former with N =
32 visual queries, each having a dimension of dq = 768 [17]. Additionally, the VLM
has an FC layer that linearly projects each output visual query embedding to match the
text embedding dimension of the LLM, resulting in a 2048-dimensional output layer.T
he retrieval threshold is set to T, = 1.45.

For the LLLM, we chose the instruction fine-tuned version of Google’s T5 [118],
also known as the Text-to-Text Transfer Transformer Language Model (Flan-T5) [119].
Since we intend for VIVID to be used in detecting violence in real-time scenarios, we
selected the Flan-T5-XL [119], which contains around 3 billion parameters. We set
the generation parameters to temperature = 1.0, top-p = 0.9, repetition penalty = 1.0,
and number of beams = 5. This model size allows for a nuanced understanding and
processing of complex language inputs on a single NVIDIA GeForce RTX 3090 GPU,
which has 24 GB of GDDR6X memory, and a boost clock of 1700 MHz.

Thttps://opencv.org/

2The Data Scale column lists video clips from the test split of the dataset, used for model compar-
ison. We use only the test split to align our evaluation with other methods that measure performance
using the test split.
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4.4.3 Experimental results
4.4.3.1 Comparison with LLM-based methods

We compare VIVID with other LLLM-based methods using the test split of video clips
from each dataset as input, along with the user prompt: “Is this video violent?” This
user query is consistently applied across all baseline methods to ensure a fair compar-
ison.

The results of our experiments, as summarized in Table 4.2, reveal significant in-
sights into the performance of various models on the five datasets. VIVID consistently
outperforms other LLM-based models across most datasets, achieving improvements
of 0.01-0.324, 0.007-0.187, 0.014-0.294, and 0.066—0.334 in terms of accuracy, and
0.01-0.492, 0.009-0.446, 0.011-0.277, and 0.062—0.537 in terms of F1-Score on the
Movies, RWF-2000, Hockey, and XD-Violence datasets, respectively.

In the Movies dataset, VIVID significantly outperforms other LLM-based mod-
els by effectively capturing complex visual and contextual cues. It also leads in the
RWF-2000 dataset, demonstrating its effectiveness in real-world fight detection. The
Hockey dataset results show substantial improvements, highlighting VIVID’s capa-
bility to detect violent actions in fast-moving and complex interactions. In the XD-
Violence dataset, VIVID’s robustness is validated by its ability to handle diverse and
complex violent scenarios.

The effectiveness of our method lies in its ability to identify potential violent frames
and manage various biases associated with LLMs: inherited bias, guardrails bias, and
alignment bias. Figure 4.3 shows the classification made by VIVID over examples

where our method successfully identifies the videos as violent. As illustrated in Figure

3BLIP2 [17] and InstructBLIP [18] do not support video input. We analyze violent content at the
frame-level, extracting frames as in X-InstructBLIP [57]. If any frame contains violent content, the
entire video is classified as violent.
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Table 4.2: Comparison with LLM-based methods in terms of Accuracy and F1-Score.

Movies Surveillance = RWF-2000 Hockey XD-Violence
LLM X
Model Fight
Backbone
Acc Fi Acc FI Acc Fi Acc FI Acc Fi
BLIP23 Flan-T5-XL (3B) 0.900 0.880 0.776 0.797 0.767 0.760 0.841 0.859 0.760 0.770
InstructBLIP3 Vicuna-1.1 (7B) 0.810 0.765 0.796 0.784 0.742 0.685 0.932 0.932 0.535 0.436
X-InstructBLIP  Vicuna-1.1 (7B)  0.880 0.863 0.793 0.800 0.785 0.766 0.856 0.831 0.648 0.616
Video-LLaMA  LLaMA-2 (7B) 0.661 0.492 0.656 0.511 0.610 0.365 0.660 0.676 0.492 0.330
Video-LLaVA Vicuna-1.5 (7B) 0.975 0.974 0.726 0.777 0.782 0.802 0.662 0.743 0.726 0.802
LLaMA-VID Vicuna-1.5 (7B)  0.965 0.963 0.783 0.805 0.790 0.794 0.940 0.942 0.755 0.805
VIVID Flan-T5-XL (3B) 0.985 0.984 0.736 0.781 0.797 0.811 0.954 0.953 0.826 0.867

4.4, incorporating a violence-related term in the prompt enables users to address the
bias and influence the LLM’s judgment based on the definition of violence. The dataset
[33] categorizes all martial arts as violent sports. Therefore, by including martial arts
as violence-related terms in the KB, the LLM’s response aligns with the definition
of Karate as a violent sport. This comprehensive approach ensures that our method
remains robust and effective across various scenarios, providing a reliable tool for bias
management in LLMs.

In the Surveillance Fight dataset, the “InstructBLIP” model shows the highest ac-
curacy 0.796, while the “LLaMA-VID” model achieves the highest F1-Score 0.805.
Our model performs well with an accuracy of 0.736 and an F1-Score of 0.781 but does
not lead in this dataset. This fact suggests that while our model is effective, it may
struggle with the specific challenges posed by surveillance footage, such as varying
lighting conditions like insufficient illumination, and occlusions as shown in Figure
4.5. These challenges could be addressed by jointly fine-tuning the VLM and the LLM

with a small amount of violent and non-violent videos under these conditions. How-
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Figure 4.3: Example in which VIVID successfully handles the biases of the LLMs.
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Figure 4.5: Example where occlusion caused by the pool table lights partially blocking
the violent scene, along with lack of illumination, resulted in the LLM failing to detect
the violent scene correctly.

ever, the primary objective of our research is to evaluate the capabilities of an LLM to
classify violent content in a zero-shot manner. This approach allows us to assess the
inherent strengths and limitations of the LLM without further modifications. Nonethe-
less, we recognize the potential for improvement through fine-tuning and consider it a

promising direction for our future work.

4.4.3.2 Comparison with traditional hand-crafted features and deep learning-

based methods

When comparing VIVID with traditional hand-crafted features and deep learning-
based methods, as shown in Table 4.3, we notice a clear difference in performance.
Traditional methods such as HOG + HIK [33], HOF + HIK [33], and MoSIFT +
HIK [33] show lower accuracy across the datasets. For instance, MoSIFT + HIK
achieves an accuracy of 0.895 in the Movies dataset and 0.909 in the Hockey dataset,
which are significantly lower than our model’s performance. This fact indicates that

traditional hand-crafted features are less effective in capturing complex patterns of
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violence in videos. Deep learning-based methods, such as Xception + Bi-LSTM + at-
tention [41], Flow Gated [40], and Conv3D [15], demonstrate high performance. For
example, Xception + Bi-LSTM + attention achieves an accuracy of 1.0 in the Movies
dataset and 0.98 in the Hockey dataset. However, these methods often require a consid-
erable amount of training data to generalize. Due to the restricted amount of available
training data, the resulting models are often ad-hoc and fail to generalize violent be-
havior across different scenarios.

In contrast, VIVID uses zero-shot classification, which leverages the pre-existing
knowledge of the LLM along with bias handling to enhance performance. This ap-
proach not only effectively classifies violent content but also provides interpretability.
The interpretability feature is particularly advantageous as it helps users understand
why a video instance was classified as violent or not, making it a valuable tool for real-
world applications. Even though VIVID does not always achieve the highest accuracy
compared to some deep learning methods, its performance is competitive or compara-
ble to these methods. Additionally, our method outperforms the Xception + Bi-LSTM
+ attention method in the Surveillance Fight dataset, achieving an accuracy of 0.736

compared to 0.720.

4.4.3.3 Ablation study

To investigate the effects of reordering visual queries, we conducted experiments us-
ing three distinct variants of our method. These variants share the common approach
of comparing a visual sentence with text embedding to identify the most relevant
violence-related definition for an image. However, in each variation, the text and visual
embeddings interact differently.

Variant 1: Inspired by BLIP2 [17], we compare the [CLS] token from the text with
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Table 4.3: Comparison with hand-crafted features and deep learning-based methods in
terms of accuracy. A hyphen indicates that the results are not provided in the corre-
sponding paper.

Type Model Movies S. RWF Hockey
Fight 2000
Hand HOG + HIK 0490 - - 0.917
Crafted HOF + HIK 0.590 - - 0.886
Features  \(oSIFT + HIK 0.895 - - 0.909
Xception
+ Bi-LSTM 1.000  0.720 - 0.980
DL .
+ attention
Based
Flow Gated 1.000 - 0.872  0.980
Conv3D 1.000 - - 0.981
LLM VIVID 0.985 0.736 0.797 0.954
based
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Table 4.4: Comparison of our method’s variants in terms of Accuracy.

Model Movies S. RWF Hockey XD
Fight 2000 Violence

Variant 1 0915 0.706 0.800 0.942 0.671

Variant2  0.940 0.680 0.792 0.920 0.730

VIVID 0.985 0.736 0.797 0.954 0.826

the visual queries. The most relevant violent definition is identified as the one with the
highest pairwise similarity.

Variant 2: Instead of using the [CLS] token, we use mean pooling. Specifically,
we compare a visual sentence obtained by mean pooling all the visual queries with
a definition sentence obtained by mean pooling all sentence tokens, as explained in
Section 4.3.3.2.

VIVID: In addition to using the mean pooling approach from Variant 2, we also reorder
the visual queries. By calculating the dot product between the visual sentence and
each text token, we can prioritize visual queries that are more relevant to the violence
definition, as explained in Section 4.3.3.2.

Table 4.4 shows the results of each variant on the five datasets. From these results,
it is evident that VIVID demonstrates superior performance across most datasets. It
achieves the highest accuracy in the Movies, Surveillance Fight, Hockey, and XD-
Violence datasets. Although VIVID was not the best in the RWF-2000 dataset, the
difference in accuracy was small enough to be negligible. Therefore, we consider
VIVID to have achieved same performance to Variant 1 in this dataset. Overall, the
robust performance of VIVID in four out of five datasets highlights its effectiveness in

enhancing the model’s accuracy through the reordering of visual queries.
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4.5 Conclusions

In this Chapter, we introduced VIVID, a novel method for detecting violent content
in videos by integrating generative VLM with LLMs. Our method demonstrates su-
perior performance across multiple datasets, effectively capturing complex visual and
contextual cues.

VIVID’s zero-shot classification capability allows it to identify violent content
without additional training, making it an alternative in scenarios with limited labeled
data. By incorporating an external knowledge base, VIVID mitigates biases and pro-
vides reliable results. Its interpretability characteristics enhance user trust by explain-
ing the reasons behind its classifications.

There are a number of directions that can be explored for future research, includ-
ing (1) fine-tuning the generative VLM and LLM with a small amount of violent and
non-violent videos to address specific challenges like varying lighting conditions and
occlusions in surveillance footage, (2) including prompt engineering to have a broader
range of violence-related terms and scenarios, and (3) enhancing the interpretability
features to provide more detailed explanations for the model’s classifications. Overall,
VIVID offers a balanced approach combining accuracy, interpretability, and general-
izability, making it a robust solution for violent content classification in real-world

applications.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

This thesis has explored how integrating visual and language modalities can improve
the detection of anomalies and violent behaviors in human monitoring scenarios char-
acterized by data scarcity, contextual ambiguity, and the need for interpretability. Through
three methods built on the vision-language modeling paradigm, the thesis demonstrates
that textual information can enhance the semantic understanding of visual data and
support context-aware detection in complex settings.

Chapter 2 introduced CMSSL-AD, a contrastive VLM that applies cross-modal
self-supervised learning to align visual and textual features. By maximizing mutual
information between modalities, CMSSL-AD improves semantic clustering of normal
behaviors and enhances anomaly detection in static image settings. The method outper-
forms conventional unimodal approaches by leveraging caption-guided representation
learning but remains sensitive to the quality and relevance of textual inputs.

Chapter 3 extended this approach with M3VAD, a lightweight contrastive vision-

language model that incorporates both multimodal alignment and unimodal multiview
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learning objectives. These strategies improve the robustness and intra-modal consis-
tency of learned features, enabling more compact clustering of normal behavior under
small-scale training conditions. M3VAD also introduces a hybrid anomaly score that
integrates prototype distances with cross-modal similarity, further improving perfor-
mance in resource-limited environments.

Chapter 4 introduced VIVID, a generative VLM for violence detection in video.
To address the challenges of limited training data and contextual bias, VIVID com-
bines motion-based keyframe selection with retrieval-augmented context integration,
grounding visual inputs in structured definitions of violence. This approach supports
semantically grounded and bias-aware classification without task-specific training, im-
proving generalization and interpretability in sensitive settings.

The contributions in this thesis demonstrate how contrastive and generative VLM
paradigms can be adapted to context-sensitive human monitoring tasks, each tailored
to specific requirements related to modality, temporal structure, and supervision. To-
gether, they form a unified framework for robust and interpretable detection under

real-world constraints.

5.2 Future Work

Building on the findings of this thesis, several directions can be explored to extend the
proposed methods and further enhance their robustness and interpretability.

One promising direction is the incorporation of cross-modal attention mechanisms
to better filter out modality-specific noise and refine the quality of shared represen-
tations. Unlike the fixed alignment strategies used here, attention-based integration
could allow more flexible, fine-grained fusion of visual and language information.

Another important direction is improving interpretability through structured expla-
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nation modules. While VIVID outputs language-based justifications, future systems
could trace predictions back to specific image regions and semantic features, improv-
ing trust and accountability in safety-critical applications.

Improving the quality and reliability of textual input also remains an open chal-
lenge. Since caption quality significantly impacts representation learning and classi-
fication accuracy, future research could explore automatic refinement strategies using
domain-adapted captioning models or feedback-driven correction mechanisms.

Temporal modeling could also be expanded. VIVID addresses motion through
key-frame selection, but continuous temporal reasoning, such as sequence-aware con-
trastive learning or video captioning, could improve detection of subtle or evolving
behaviors, particularly in long-term monitoring.

Finally, future work could investigate combining contrastive and generative vision-
language paradigms into a unified self-supervised framework. Such integration may
allow systems to benefit simultaneously from alignment-based learning and language-
driven semantic grounding, opening new possibilities for context-sensitive detection in

diverse real-world conditions.
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