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Abstract

Video understanding systems have achieved strong performance on controlled benchmarks,
yet their deployment in real-world scenarios remains limited by assumptions about super-
vision, training data availability, and offline access to complete video sequences. These
constraints are particularly restrictive in settings such as surveillance and procedural
assistance, where data is scarce, privacy-sensitive, and decisions must be made online.

Recent foundation models provide a new opportunity to rethink video understanding
as a language-guided inference problem. Leveraging this shift, this thesis investigates how
Vision-Language Models (VLMs) and Large Language Models (LLMs) can be used to
relax key deployment constraints. The proposed methods build on frozen, language-aligned
representations and increasingly shift task objectives and decision logic to inference time
through natural language, rather than encoding them through task-specific training.

The first contribution shows that pre-trained VLM representations can be adapted
under weak supervision for video anomaly detection and recognition by exploiting the
geometric structure of vision-language embeddings. The second contribution eliminates
task-specific training by reformulating anomaly detection as an inference-time reasoning
problem solved using LLMs. The third contribution extends this paradigm to causal,
online settings by introducing a framework for video step grounding that combines Large
Multimodal Models with Bayesian filtering. Finally, the thesis addresses the reliability of
language model estimates over video and explores whether synthetic videos generated by
text-to-video models can improve their temporal understanding without human annotation.

By reducing reliance on task-specific data and offline access to complete videos, and
by separately addressing the reliability of language model estimates, the proposed methods
make video understanding systems more adaptable across tasks and environments and
better suited to real-world deployment constraints.

Keywords
Video Understanding, Foundation Models, Vision-Language Models, Language-Guided
Inference, Training-Free Inference, Online Inference
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Chapter 1

Introduction

1.1 Motivation

The proliferation of contemporary multimedia platforms such as YouTube, Netflix, and
TikTok has made video a dominant medium for communication, information sharing,
and entertainment. Compared to static images, video integrates sight, sound, and
motion into a multi-sensory signal that more closely reflects how humans perceive and
interact with the world: as a continuous stream of events shaped by temporal dynamics,
causal relationships, and evolving context, rather than as isolated visual snapshots.

While these properties align naturally with human perception, enabling machines to
understand video remains a significant challenge. Video understanding tasks, including
anomaly detection and procedural step grounding, require models to reason not only
about spatial entities but also about how these entities evolve, interact, and give rise
to events over time. Historically, progress in the field has been driven by advances
in supervised learning and the availability of large-scale annotated datasets, such as
Kinetics and ActivityNet, which provide dense labels for action recognition and temporal
localization [49, 12]. Within this paradigm, model behavior is largely determined during
training, while inference is treated as a fixed and lightweight execution phase.

In practice, however, this training-centric approach introduces assumptions that limit
practical deployment. Collecting task-specific annotations at scale is often infeasible,
particularly in domains such as surveillance or assistive technologies, where abnormal
events are rare, privacy constraints restrict data collection, and long-tail distributions
dominate [104]. Moreover, much of the existing literature assumes an offline setting,
where the system has access to the complete video sequence before making a prediction.
This assumption is at odds with many deployment scenarios that require online inference,

1



1.2. Outline

in which decisions must be made incrementally as visual evidence becomes available to
provide timely feedback, early warnings, or step-by-step procedural guidance [41].

Recent advances in Vision-Language Models (VLMs) and Large Language Models
(LLMs) provide an opportunity to revisit these assumptions. Prior to VLMs, video
understanding systems relied on latent visual representations that, while expressive,
lacked direct grounding in language, tying decision logic to trained, task-specific classifiers.
In contrast, VLMs align visual and textual representations in a shared semantic space,
enabling visual content to be interpreted through natural language [90, 3]. Building
on this alignment, LLMs can reason over language-aligned visual representations at
inference time, allowing task-specific decision logic to be specified through natural
language prompts rather than encoded entirely during training [125, 1].

This shift blurs the traditional boundary between training and inference in video
understanding. By building on frozen, language-aligned representations and expressing
task-specific decision logic at inference time through natural language, it becomes possible
to reconsider long-standing assumptions about supervision and offline processing, leading
to approaches that are more flexible, data-efficient, and better suited to online settings.

The core objective of this thesis is to investigate how vision-language
models and large language models can be leveraged to move task-specific
decision logic from training to inference through natural language, with the
goal of improving scalability and deployability. In this context, scalability refers
to reducing reliance on task-specific training data and offline processing, so that the
same models can be applied across tasks and environments with minimal adaptation.
To this end, this thesis develops a progression of methods that move from frozen vision-
language representations to fully training-free and online inference. It also addresses a
key requirement for this paradigm to be viable in practice, i.e., the reliability of language
model estimates over video, by exploring synthetic video data as a scalable tool for
improving temporal understanding without human annotation.

1.2 Outline

This thesis builds on the observation that recent VLMs offer powerful, general-purpose
visual representations aligned with natural language. This alignment motivates a
rethinking of video understanding pipelines, moving away from encoding task-specific
logic through training toward language-guided inference over frozen, language-aligned
representations. Building on this perspective, the thesis investigates how VLMs and
LLMs can be leveraged to support video understanding under realistic deployment

2



Chapter 1. Introduction

constraints.
The thesis is organized as a sequence of contributions that progressively relax

assumptions commonly made in prior work. We begin in Chapter 2 by studying whether
pre-trained vision-language representations can be adapted with minimal supervision
for video anomaly detection and recognition. Recognizing the limitations of even
weak supervision, Chapter 3 explores the complete removal of task-specific training by
shifting anomaly detection entirely to inference time with LLMs. As many real-world
systems must operate without access to future observations, Chapter 4 extends this
training-free paradigm to online, causal video streams through probabilistic temporal
modeling. Finally, in Chapter 5, we address a fundamental requirement underlying
all preceding approaches: the reliability of estimates produced by language models
over video, investigating whether synthetic video data can improve their temporal
understanding without human annotation.

Taken together, these chapters show that relaxing assumptions on task-specific train-
ing and offline access, while addressing estimate reliability, results in video understanding
systems that are more suitable for real-world deployment.

1.2.1 From visual-only to vision-language representations

A first step is to understand whether pre-trained vision-language representations already
encode semantic structure that can be exploited for video understanding, particularly in
settings characterized by scarce supervision and extreme class imbalance.

In Chapter 2, we introduce AnomalyCLIP, a framework that adapts frozen VLMs
to joint video anomaly detection and recognition under weak, video-level supervision.
Rather than learning visual representations from scratch, AnomalyCLIP reshapes the
CLIP embedding space by re-centering it around a normality prototype, allowing anomaly
likelihood and semantic category information to be inferred from feature magnitude and
direction, respectively. We model temporal dependencies between image embeddings
using a transformer-based architecture and perform training within a multiple instance
learning framework specifically suited for sparse anomalies. Experimental results show
that the geometric structure of vision-language embeddings can be effectively exploited
for complex video understanding tasks with minimal annotation.

1.2.2 From supervised training to inference-time reasoning

While AnomalyCLIP demonstrates that vision-language representations can be adapted
with limited supervision, it still relies on task-specific training and data collection. To
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better meet real-world deployment needs and further relax these assumptions, this
chapter investigates whether video anomaly detection can be performed without any
task-specific training.

In Chapter 3, we present LAVAD, a training-free approach to video anomaly de-
tection that entirely shifts decision-making to inference time. The proposed method
leverages VLMs to generate and align textual descriptions of video frames and employs
LLMs to summarize and reason over these descriptions in a zero-shot manner. By
formulating anomaly detection as an inference problem solved using language models,
LAVAD eliminates the need for training data or task-specific model adaptation. Exper-
imental results show that competitive performance can be achieved without task-specific
supervision, demonstrating the feasibility of training-free video anomaly detection in
data-constrained and privacy-sensitive scenarios.

1.2.3 From offline processing to online inference

Both previous chapters assume access to the full video sequence at inference time, an
assumption that limits applicability in many real-world settings where decisions must
be made as visual evidence becomes available. This chapter addresses the additional
constraint of online inference.

In Chapter 4, we introduce BaGLM, a framework for training-free, online video
step grounding that combines Bayesian filtering with Large Multimodal Models (LMMs).
The proposed approach incrementally updates beliefs over procedural steps as new
video segments are observed, allowing step predictions to be refined incrementally over
untrimmed video streams. By combining estimates from LMMs with probabilistic
temporal modeling, BaGLM supports online inference without task-specific training or
access to future observations, further advancing the deployability of video understanding
systems based on language models.

1.2.4 Temporal understanding as a foundational requirement

The preceding approaches rely on the ability of language models to produce reliable
estimates when operating on language-aligned visual representations over time. In
practice, however, these estimates can be inconsistent in videos involving complex or
subtle temporal dynamics. This chapter examines whether synthetic data can improve
the temporal understanding of language models in such settings.

In Chapter 5, we introduce SynViTA and explore whether synthetic videos gen-
erated by text-to-video models can be used to improve this capability without human
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annotation. Rather than modifying visual representations or alignment interfaces within
LMMs, the approach investigates whether fine-tuning language models on synthetic
video data leads to more reliable estimates over video. The results highlight the potential
of synthetic video generation as a scalable tool for improving the semantic consistency
and reliability of estimates produced by LMMs over video.

1.3 Contributions

The main goal of this thesis is to make video understanding systems better aligned
with real-world deployment constraints by leveraging language-guided inference over
foundation models. To this end, we present a series of methodological, algorithmic, and
experimental contributions that demonstrate how vision-language representations can
serve as a foundation for video understanding and progressively relax key deployment
assumptions, including the need for task-specific training data and offline access to
complete video sequences.

• Video anomaly detection and recognition using frozen vision-language
representations. We introduce AnomalyCLIP, the first framework based on
VLMs that jointly detects and recognizes anomalous events under weak, video-
level supervision. A key technical contribution is the transformation of the VLM
feature space using a normality prototype, which allows the model to encode
semantic “prompt directions” to distinguish specific anomaly types. A Selector
module leverages the transformed features for robust multiple instance learning
segment selection, and a Temporal model aggregates both short-term and long-
term temporal dependencies, resulting in more actionable outputs than traditional
video anomaly detection systems.

• Video anomaly detection without task-specific training. We pioneer the
study of training-free video anomaly detection, motivated by real-world settings
where task-specific data collection is often infeasible. We introduce LAVAD,
a framework that shifts anomaly detection entirely to inference time by using
LLMs to reason over textual scene descriptions derived from VLMs. To improve
robustness, we employ cross-modal similarity techniques with pre-trained VLMs
to mitigate noisy captions and refine anomaly scores. Experiments show that this
training-free paradigm achieves competitive performance compared to traditional
unsupervised methods, providing an alternative that does not require task-specific
training data.
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• Online video step grounding without offline access. We present the first
study of online video step grounding in a training-free setting. We introduce
BaGLM, a framework demonstrating that zero-shot LMMs can outperform
specialized, training-based, offline methods when combined with Bayesian filtering.
The main innovation is the integration of probabilistic temporal modeling with
LMM-based estimates, allowing the system to incorporate priors from past video
frames into LMM predictions and to operate without access to future observations.

• Improving language models’ temporal understanding with synthetic
data. We propose a methodology that exploits synthetic videos generated by
text-to-video models to improve the reliability of estimates produced by the
language model component in LMMs over video, without human annotation.
Through SynViTA, we study the benefits and limitations of current text-to-
video generative models as sources of supervision. Our approach introduces a
sample-weighting strategy to mitigate noisy generations and a regularization term
that encourages focus on semantic rather than visual differences between videos.
The proposed method is model-agnostic and improves the semantic consistency of
LMM estimates across multiple architectures.

1.4 Publications

In the following list, we give an overview of the publications authored during the PhD,
with entries marked with an * not being discussed in this manuscript:

• Luca Zanella, Massimiliano Mancini, Yiming Wang, Alessio Tonioni, Elisa Ricci.
“Training-free Online Video Step Grounding”. In Advances in Neural Information
Processing Systems (NeurIPS), 2025. Chapter 4 is mainly based on this publication.

• Luca Zanella, Massimiliano Mancini, Willi Menapace, Sergey Tulyakov, Yiming
Wang, Elisa Ricci. “Can Text-to-Video Generation help Video-Language Align-
ment?”. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 2025. Chapter 5 is mainly based on this publication.

• Luca Zanella, Willi Menapace, Massimiliano Mancini, Yiming Wang, Elisa Ricci.
“Harnessing Large Language Models for Training-free Video Anomaly Detection”.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 2024. Chapter 3 is mainly based on this publication.
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• Luca Zanella, Benedetta Liberatori, Willi Menapace, Fabio Poiesi, Yiming Wang,
Elisa Ricci. “Delving into CLIP latent space for Video Anomaly Recognition”. In
Computer Vision and Image Understanding, 2024. Chapter 2 is mainly based on
this publication.

• Bartłomiej Leporowski, Amir Bakhtiarnia, Nicholas Bonnici, Adrian Muscat,
Luca Zanella, Yiming Wang. “MAVAD: Audio-Visual Dataset and Method for
Anomaly Detection in Traffic Videos”. In IEEE International Conference on Image
Processing (ICIP), 2024.*

• Giulio Mattolin, Luca Zanella, Elisa Ricci, Yiming Wang. “ConfMix: Unsuper-
vised Domain Adaptation for Object Detection via Confidence-based Mixing”. In
IEEE/CVF Winter Conference on Applications of Computer Vision (WACV),
2023.*
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Chapter 2

Delving into CLIP latent space for
Video Anomaly Recognition

Recent works have shown that Vision-Language Models (VLMs) can be successfully
extended to video and applied to supervised action recognition tasks [119]. However, it
remains unclear to what extent these representations are suitable for settings character-
ized by scarce supervision and extreme class imbalance. In this chapter, we take a first
step toward scalable video understanding by studying how pre-trained VLMs, originally
trained on large-scale image-text corpora, can be adapted to such settings. Focusing
on video anomaly detection and recognition, we investigate whether minimal, targeted
adaptation of the VLM latent space is sufficient to support reliable anomaly detection
and classification, without retraining the underlying model.

2.1 Introduction

Video anomaly detection (VAD) is the task of automatically identifying activities that
deviate from normal patterns in videos [103]. VAD has been widely studied by the
computer vision and multimedia communities [9, 29, 77, 83, 105, 124, 136] for several
important applications, such as surveillance [104] and industrial monitoring [91].

VAD is challenging because data is typically highly imbalanced, i.e., normal events
are many, whilst abnormal events are rare and sporadic. VAD can be addressed as an out-
of-distribution detection problem, i.e., one-class classification (OOC) [68, 73, 85, 136]:
only visual data corresponding to the normal state is used as training data, and
an input test video is classified as normal or abnormal based on its deviation from
the learned normal state. However, OOC methods can be particularly ineffective in
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Figure 2.1: Comparison of various anomaly recognition methods on the ShanghaiTech,
UCF-Crime, and XD-Violence datasets in terms of the mean area under the curve
(mAUC) of the receiver operating characteristic (ROC) and the mean average precision
(mAP) of the precision-recall curve (PRC), which calculate the mean of binary AUC ROC
and AP PRC values for all anomalous classes, respectively. A higher mAUC and mAP
are crucial for video anomaly recognition as they reflect the model’s ability to correctly
recognize the correct abnormal class. Notably, our proposed method, AnomalyCLIP,
achieves the highest performance on all datasets, surpassing both the state-of-the-art
methods on video anomaly detection that are re-purposed for anomaly recognition and
CLIP-based video action recognition methods.

complex real-world applications where normal activities are diverse. An uncommon
normal activity may cause a false alarm because it differs from the learned normal
activities. Alternatively, VAD can be addressed with fully-supervised approaches based
on frame-level annotations [6, 117]. Despite their good performance, they are considered
impractical because annotations are costly to produce. Unsupervised approaches can
also be used, but their performance in complex settings is not yet satisfactory [142]. For
these reasons, the most recent approaches are designed for weakly-supervised learning
scenarios [55, 104, 110, 129]: they exploit video-level supervision.

Whilst existing weakly-supervised VAD methods have shown to be effective in
anomaly detection [55], they are generally not designed for recognizing anomaly types
(e.g ., shooting vs. explosion). Performing Video Anomaly Recognition (VAR) in addition
to VAD, which is not only detecting anomalous events but also recognizing the underlying
activities, is desirable as it provides more informative and actionable insights. However,
addressing VAR in a weakly-supervised setting is highly challenging due to the extreme
data imbalance and the limited samples representing each anomaly [104].

We have recently experienced the emergence of powerful deep learning models that
are trained on massive web-scale datasets [95]. These models, commonly referred
to as Vision-Language Models (VLMs) or foundation models [90, 100], have shown
strong generalization capabilities in several downstream tasks and have become a key
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ingredient of modern computer vision and multimedia systems. These pre-trained models
are publicly available and can be seamlessly integrated into any recognition system.
VLMs can also be effectively applied to videos and to supervised action recognition
tasks [119, 134].

In this chapter, we introduce the first method that jointly addresses VAD and VAR
with VLMs. We argue that by leveraging representations derived from VLMs, we can
obtain more discriminative features for recognizing and classifying abnormal behaviors.
However, as supported by our experiments (Fig. 2.1), a naive application of existing
VLMs to VAR-VAD does not suffice due to the imbalance of the training data and
the subtle differences between frames of the same video containing and non-containing
anomalous contents.

Therefore, we propose AnomalyCLIP, a novel solution for VAR based on the CLIP
model [90], achieving state-of-the-art anomaly recognition performance as shown in
Fig. 2.1.

AnomalyCLIP produces video representations that can be mapped to the textual
description of the anomalous event. Rather than directly operating on the CLIP feature
space, we re-center it around a normality prototype, as shown in Fig. 2.2 (a). In this
way, the space assumes important semantics: the magnitude of the features indicates
the degree of anomaly, while the direction from the origin indicates the anomaly type.
To learn the directions that represent the desired anomaly classes, we propose a Selector
model that employs prompt learning and a projection operator tailored to our new space
to identify the parts in a video that better match the textual description of the anomaly.
This ability is instrumental in addressing the data imbalance problem. We use the
predictions of the Selector model to implement a semantically-guided Multiple Instance
Learning (MIL) strategy that aims to widen the gap between the most anomalous
segments of anomalous videos and normal ones. Differently from the features typically
employed in VAD that are extracted using temporal-aware backbones [12, 67], CLIP
visual features do not bear any temporal semantics as it operates at the image level. We
thus propose a Temporal model, implemented as an Axial Transformer [40], which models
both short-term relationships between successive frames and long-term dependencies
between parts of the video.

As illustrated in Fig. 2.1, we evaluate the proposed approach on three benchmark
datasets, ShanghaiTech [65], UCF-Crime [104], and XD-Violence [130], and empirically
show that our method achieves state-of-the-art performance in VAR.

The contributions of this chapter are summarized as follows:
• we propose the first method for VAR that is based on VLMs to detect and classify
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the type of anomalous events;
• we introduce a transformation of the VLM model feature space driven by a normality

prototype to effectively learn the prompt directions for anomaly types;
• we propose a novel Selector model that uses semantic information imbued in the

transformed VLM feature space as a robust way to perform MIL segment selection
and anomaly recognition;

• we design a Temporal model to better aggregate temporal information by modeling
both the short-term relationships between neighboring frames and the long-term
dependencies among segments.

2.2 Related Work

Video Anomaly Detection. Recognizing anomalous behaviors in video surveillance
streams is a traditional task in computer vision and multimedia analysis. Existing meth-
ods for VAD can be grouped into four main categories based on the level of supervision
available during training. The first group includes fully-supervised methods that assume
available frame-level annotations in the training set [6, 117]. The second group includes
weakly-supervised approaches that only require video-level normal/abnormal annota-
tions [55, 57, 104, 110, 129]. The third group includes one-class classification methods
that assume the availability of only normal training data [68, 73, 85]. The fourth group
includes unsupervised models that do not use training data annotations [82, 142].

Among these types of methods, weakly-supervised approaches have gained higher
popularity, as they typically yield good results while limiting the annotation effort.
[104] were the first to formulate weakly-supervised VAD as a multiple-instance learning
(MIL) task, dividing each video into short segments that form a set, known as bag.
Bags generated from abnormal videos are called positive bags, and those generated
from normal videos are called negative bags. Since this pioneering work, MIL has
become a paradigm for VAD, and several subsequent works have proposed refining
the associated ranking model to more robustly predict anomaly scores. For example,
[110] proposed a Robust Temporal Feature Magnitude (RTFM) loss that is applied
to a deep network consisting of a pyramid of dilated convolutions and a self-attention
mechanism to model both short-term and long-term relationships between video snippets
close in time and events in the whole video. [128] introduced Self-Supervised Sparse
Representation Learning, an approach that combines dictionary-based representation
with self-supervised learning techniques to identify abnormal events. [15] introduced
Magnitude-Contrastive Glance-and-Focus Network, a neural network that uses a feature
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amplification mechanism and a magnitude contrastive loss to enhance the importance of
feature discriminative for anomalies. Motivated by the fact that anomalies can occur at
any location and at any scale of the video, [55] proposed Scale-Aware Spatio-Temporal
Relation Learning (SSRL), an approach that extends RTFM by not only learning short-
term and long-term temporal relationships but also learning multi-scale region-aware
features. While SSRL achieves state-of-the-art results in common VAD benchmarks, its
high computational complexity limits its applicability. To the best of our knowledge, no
previous works have explored foundation models [90] for VAD, as we propose in this
chapter.

Video Anomaly Recognition. Before our work, few approaches attempted to simul-
taneously detect anomalies and identify their types [74, 114, 75]. Among these, [74]
proposed a weakly-supervised method using a two-level attention mechanism. They
begin by extracting spatio-temporal features with a 3D convolutional network, then
employ an LSTM with an initial attention mechanism to capture temporal information.
Finally, they perform detection and classification through two separate branches, linking
them with a second-level attention mechanism. [114] introduced Vision Transformer
Anomaly Recognition Network (ViT-ARN), which first detects anomalies using a one-
class classification network. It then uses a vision transformer to extract frame features
from the detected anomalies and models the temporal information between frames with
a multi-reservoir echo state network. Finally, a prediction layer recognizes the anomalies.
Other works jointly performing detection and recognition fall into the less practical fully
supervised setting [75]. Unlike these methods that rely on unimodal backbones, our
approach is the first to utilize vision and language models for joint anomaly detection
and recognition.

Vision-Language Models. The emergence of novel large multimodal neural networks
[90, 95, 94, 100], which can learn joint visual-text embedding spaces, has enabled
unprecedented results in several image and video understanding tasks. Current VLMs
adopt modality-specific encoders and are trained via contrastive techniques to align the
data representations from different modalities [45, 90]. Despite their simplicity, these
methods have been shown to achieve impressive zero-shot generalization capabilities.
While earlier approaches, such as CLIP [90], operate on images, VLMs have recently and
successfully been extended to the video domains. VideoCLIP [134] is an example of this,
and it is designed to align video and textual representations by contrasting temporally
overlapping video-text pairs with mined hard negatives. VideoCLIP can achieve strong
zero-shot performance in several video understanding tasks. ActionCLIP [119] models
action recognition as a video-text matching problem rather than a classical 1-out-of-N
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Figure 2.2: (a) Illustration of the CLIP space and the effects of the re-centering
transformation with features of normal. When the space is not re-centered around
the normality prototype m, directions d′ are similar, making it difficult to discern
anomaly types, and feature magnitude is not linked to the degree of anomaly, making
it difficult to identify anomalous events. When re-centered, the distribution of the
magnitudes of features projected on each d identifies the degree of detected anomaly
of the corresponding type. (b) Illustration of our proposed framework. The Selector
model learns directions d using CoOp [152], and uses them to identify the likelihood of
each feature x to represent an occurrence of the corresponding anomalous class. MIL
selection of the top-K and bottom-K abnormal segments is performed by considering
the distribution of likelihoods along the corresponding direction. A Temporal model
performs temporal aggregation of the features to produce the final prediction.

majority vote task. Similarly to ours, their method uses the feature space of CLIP to
learn semantically-aware representations of videos. However, a direct exploitation of
the CLIP feature space fails in capturing information on anomalous events for which a
specific adaptation, proposed in this chapter, is necessary. In addition, action recognition
methods often fall short in weakly-supervised VAD tasks due to data imbalance between
normal and abnormal events, coupled with the need for frame-level evaluation at test
time, despite only having video-level supervision. To the best of our knowledge, no prior
work has specifically utilized VLMs to tackle the VAD problem.

2.3 Proposed Approach

Weakly-supervised VAD is the task of learning to classify each frame in a video as either
normal or anomalous using a dataset of tuples in the form (V, y), where V is a video
and y is a binary label indicating whether the video contains an anomaly in any of
its frames. With respect to VAD, VAR introduces the additional task of recognizing
the type of the detected anomaly in each frame. Therefore, VAR considers a dataset
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of tuples (V, c), where c indicates the type of anomaly in the video (c = ∅ means no
anomaly is present, thus being Normal). In the following, we omit the subscripts for
the purpose of readability.

To address the video-level supervision and the imbalance between normal videos
and abnormal ones in VAD, the Multiple Instance Learning (MIL) framework [104] is
widely used. MIL models each video as a bag of segments V = [S1, ...,ST ] ∈ RT×F×D,
where T is the number of segments, F is the number of frames in each segment, and
D is the number of features associated to each frame. Each segment can be seen as
S = [x1, ...,xF ] ∈ RF×D where x ∈ RD is the feature corresponding to each frame. MIL
computes the likelihood of each frame being anomalous, selects the most anomalous
ones based on it, and maximizes the difference in the predicted likelihood between the
normal frames and the ones selected as the most anomalous.

In this chapter, we propose to leverage the CLIP model [90] to address VAR and
show that:

i) the alignment between the visual and textual modalities in the CLIP feature
space can be used as an effective likelihood estimator for anomalies; ii) such estimator,
not only can detect anomalous occurrences, but also their types; iii) such estimator
is effective only when adopting our proposed CLIP space re-centering transformation
(see Fig. 2.2 (a)). Our method is composed of two models as shown in Fig. 2.2 (b): a
Selector model and a Temporal model. The Selector model S produces the likelihood
that each frame belongs to an anomalous class S(x) ∈ RC , where C is the number of
anomalous classes. We exploit the vision-text alignment in the CLIP feature space and
the CoOp prompt learning approach [152] to estimate this likelihood. The Temporal
model T assigns a binary likelihood to each frame of a video, indicating whether the
frame is anomalous or normal. Unlike S, T exploits temporal information to improve
predictions, and we implement it with a Transformer network [40]. The predictions from
S and T are then aggregated to produce a distribution indicating the probability of
a frame being normal or abnormal, and which abnormal class it belongs to. We train
our model using a combination of MIL and regularization losses. Importantly, as T
is randomly initialized, the likelihood scores are less reliable, thus we always use the
likelihoods produced by S to perform segment selection in MIL.

We describe the proposed Selector model and Temporal model in detail in Sec. 2.3.1
and Sec. 2.3.2, respectively. In Sec. 2.3.3, we show how we aggregate the predictions of
both models for estimating the final probability distribution. Finally, we describe the
training and inference in Sec. 2.3.4.
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2.3.1 Selector model

It is crucial for VAD and VAR to reliably distinguish anomalous and normal frames
in anomalous videos, given only video-level weak supervision. Motivated by the recent
findings in applying VLMs to video action recognition tasks [119, 134], we propose
a novel likelihood estimator, encapsulated by our Selector model, that combines the
CLIP [90] feature space and the CoOp [152] prompt learning approach to learn a set of
directions in this space that identify each type of anomaly and their likelihood.

Our main intuition (see Fig. 2.2 (a)) is that the CLIP feature space presents an
underlying structure where the set of CLIP features extracted for each frame in the
dataset forms a space that is clustered around a central point, which we call the
normality prototype. Consequently, the difference between a feature and the normal
prototype determines important characteristics: the magnitude of the distance reflects
the likelihood of it being abnormal, while its direction indicates the type of anomaly.
Such important characteristics would not be exploited by a naive application of the
CLIP feature space to VAR (see Tab. 2.9). Unleashing the potential of this space in
detecting anomalies thus requires a re-centering transformation, a main contribution of
this work.

Following this intuition, we define the normal prototype m as the average feature
extracted by the CLIP image encoder EI on all N frames I contained in videos labeled
as normal in the dataset:

m =
1

N

N∑
j=1

EI(Ij). (2.1)

For each frame I in the dataset, we produce frame features x by subtracting the normality
prototype from the CLIP encoded feature, i.e., x = EI(I)−m.

We then exploit the visual-text aligned CLIP feature space and learn the textual
prompt embeddings whose directions are used to indicate the anomalous classes. In
particular, we employ the prompt learning CoOp method [152], which we find ideal to
find such directions as empirically demonstrated by our experiments (see Sec. 2.4.3).

Given a class c and the textual description of the corresponding label tc expressed
as a sequence of token embeddings, we consider a sequence of learnable context vectors
tctx and derive the corresponding direction for the class dc ∈ RD as:

dc = ET ([tctx, tc])−m, (2.2)

where ET indicates the CLIP text encoder. The use of the textual description acts as a
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prior for the learned direction to match the corresponding type of anomaly, while the
context vectors are jointly optimized during training as part of the parameters of S in
order to enable the refinement of the direction. A different direction is learned for each
class.

The learned directions serve as the base for our Selector model S. As shown in
Fig. 2.2(b), the magnitude of the projection of frame feature x on direction dc indicates
the likelihood of the anomalous class c:

S(x) = [P(x,d1), ...,P(x,dC)] ∈ RC , (2.3)

where P indicates our projection operation. However, simply projecting the feature
vector on the direction would make the magnitude of the projection susceptible to
scale, where anomalous features of one class can potentially have a different magnitude
from features of another anomalous class. To mitigate this issue, we perform a batch
normalization [44] after the projection, which produces a distribution of projected
features with zero mean and unitary variance:

P(x,di) = BN

(
x · di

||di||

)
, (2.4)

where BN indicates batch normalization without an affine transformation. As such, we
expect within a batch the dominant normal features to be close to the origin and the
abnormal features to be at the right side tail of the distribution.

The definition of likelihood can be extended to segments by summing the likelihoods
of each frame:

S(S) =
F∑
i=1

S(xi) ∈ RC (2.5)

2.3.2 Temporal model

The Selector model only learns an initial time-independent separation between anomalous
and normal frames as the CLIP model operates at the image frame level. However,
the temporal information is an important piece of information for VAR that we can
exploit. We thus propose the Temporal model T to model the relationships among
frames in both short-term and long-term, to enrich the visual features and to produce
the predictions that indicate the likelihood of whether a frame is anomalous:

T (V) ∈ RT×F . (2.6)
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We use a Transformer architecture to capture the short-term temporal dependencies
between frames in a segment and the long-term temporal dependencies between all
segments in a video, motivated by their success in relevant sequence modeling tasks [115].
As all the video segments of V are received as the input, the large number of segments T
and frames F increases the computational requirements for self-attention. To reduce this
cost, we implement T as an Axial Transformer [40] that computes attention separately
for the two axes corresponding to the segments and the features in each segment. As
suggested by experiments in Sec. 2.4.3, Axial Transformer is also less prone to over-fitting,
a likely case in VAR, as compared to a standard Transformer. We terminate the model
with a sigmoid activation so that the output likelihood can also be interpreted as a
probability.

2.3.3 Predictions aggregation

We combine the predictions from S and T to obtain the final output: the probabilities
indicating whether a frame is normal or anomalous (pN (x) and pA(x)) and the probability
that a frame presents an anomaly of a certain class (pA,c(x)).

Given an input frame feature x, we define its probability of being anomalous pA(x)

as its corresponding output from the Temporal model T . The probability of the frame
being normal is pN (x) = 1− pA(x). To obtain the probability distribution of the frame
to present an anomaly of a specific class pA,c(x), we employ the predictions of the
Selector model that can be seen as the conditional distribution over the anomalous
classes pc|A(x) = softmax(S(x)). From the definition of conditional probability it
follows that pA,c(x) = pA(x) ∗ pc|A(x).

2.3.4 Training

We train the model following the MIL framework. Specifically, MIL considers a batch
with an equal number of normal and anomalous videos, uses the predicted likelihoods to
identify the top-K most abnormal segments in anomalous videos, and imposes separation
from the other, normal ones [104]. Due to the higher capacity of T with respect to
S and its initial random initialization, T can not directly perform this selection since
the predicted likelihoods would be excessively noisy. Instead, we use the likelihood
predictions from S to perform MIL segment selection.

Our framework is trained end-to-end using losses on anomalous videos, losses on
normal videos, and regularization losses, which we describe in the following.
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Given an anomalous video VA of class c, we define the set of top-K most anoma-
lous segments V+

A = {S+
A1, ...,S

+
AK} and, symmetrically, of bottom-K least anomalous

segments V−
A = {S−

A1, ...,S
−
AK} according to the likelihood assigned by the frame-level

model S on the direction corresponding to class c. We consider all frames in V+
A and

maximize the likelihood of the corresponding class being predicted by S by minimizing
the loss LDIR

A :

LDIR
A = −

∑K
i=1 S(S

+
Ai)c

KF
, (2.7)

where the likelihood tensor is indexed using the class c. To provide gradients to the
Temporal model, we also maximize pA,c(x) for each frame contained in the segments
using cross entropy:

LA+ = −
∑K

i=1

∑F
j=1 log(pA,c(S

+
Ai,j))

KF
. (2.8)

Distinguishing normal and anomalous frames in anomalous videos is a challenging
problem in VAR due to the appearance similarity between frames of the same video.
To foster a better separation between these frames, we additionally consider V−

A and
maximize pN(x) for each frame in the segments using cross entropy:

LA− = −
∑K

i=1

∑F
j=1 log(pN(S

−
Ai,j))

KF
, (2.9)

To leverage the information in normal videos, for each segment Si in normal video
VN , we minimize the likelihood predicted by the Selector model:

LDIR
N =

∑T
i=1

∑C
c=1 S(Si)c

TFC
. (2.10)

Following the VAD literature [28, 104, 110] we also require the model to maximize the
probability of each frame in its top-K most abnormal segments V+

N = {S+
N 1, ...,S

+
NK} to

be normal :

LN+ = −
∑K

i=1

∑F
j=1 log(pN(S

+
Ni,j))

KF
. (2.11)

We regularize training with two additional losses [104] on all frames of anomalous
videos only. One is a sparsity loss on the predicted scores and encourages the minimal
amount of frames to be predicted as abnormal:

Lspa =

∑T
i=1

∑F
j=1 pA(Vi,j)

TF
(2.12)
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The other is a smoothness term that regularises the predictions along the temporal
dimension:

Lsmo =
TF∑
i=2

(pA(Vi)− pA(Vi−1)), (2.13)

where indexing is performed on the flattened sequence of frames in the video.
We jointly train the Selector and Temporal models using as final training objective:

L = LDIR
A + LA+ + LA− + LDIR

N + LN+ + λ1Lspa + λ2Lsmo. (2.14)

2.4 Experiments

In this section, we validate our method against a range of baselines taken from state-
of-the-art VAD and action recognition methods that we adapt to the VAR task. After
introducing the metrics for the VAR task, we perform evaluation on three datasets and
perform a comparison in both the VAD and VAR tasks. An extensive ablation study is
performed to justify our main design choices. Sec. 2.4.1 describes our experiment setup
in terms of datasets and evaluation protocols. We then present and discuss the results
in comparison against state-of-the-art methods in Sec. 2.4.2 and the ablation study in
Sec. 2.4.3.

2.4.1 Experiment setup

Datasets. We perform our study using three widely-used VAD datasets, i.e., Shang-
haiTech [65], UCF-Crime [104], and XD-Violence [130]. ShanghaiTech consists of 437
videos, recorded from multiple surveillance cameras in a university campus. A total
of 130 abnormal events of 17 anomaly classes are captured in 13 different scenes. We
adopt the dataset in the configuration of [151], which adapts it to the weakly-supervised
setting by organizing it into 238 training videos and 199 testing videos. UCF-Crime is
a large-scale dataset of real-world surveillance videos, containing 1900 long untrimmed
videos that cover 13 real-world anomalies with significant impacts on public safety.
The training set consists of 800 normal and 810 anomalous videos, and the testing
set includes the remaining 150 normal and 140 anomalous videos. XD-Violence is a
large-scale violence detection dataset comprising 4754 untrimmed videos with audio
signals and weak labels, divided into a training set of 3954 videos and a test set of 800
videos. With a total duration of 217 hours, the dataset covers various scenarios and
captures 6 categories of anomalies. Notably, each violent video may have multiple labels,
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ranging from 1 to 3. To accommodate our training setup, where only one anomaly
type per video is considered, we select the subset of 4463 videos containing at most one
anomaly.

Performance Metrics. We perform evaluation in terms of both VAD and VAR.
Following previous works, we measure the performance regarding VAD using the area
under the curve (AUC) of the frame-level receiver operating characteristics (ROC) as it
is agnostic to thresholding for the detection task. A larger frame-level AUC means a
better performance in classifying between normal and anomalous events. To measure
the VAR performance, we extend the AUC metric to the multi-classification scenario.
For each anomalous class, we measure the AUC by considering the anomalous frames
of the class as positive and all other frames as negative. Successively, the mean AUC
(mAUC) is computed over all the anomalous classes. Similarly, for the XD-Violence
dataset, we follow the established evaluation protocol [130] and present VAD results
using the average precision (AP) of the precision-recall curve (PRC), while for VAR
results we report the mean AP (mAP), which is calculated by averaging the binary AP
values across all anomalous classes.

Implementation details. At training time, each video is divided into T non-overlapping
blocks. From each block, a random start index is sampled from which segments of F
consecutive frames are considered. If the raw video has a length smaller than T × F ,
we adopt loop padding and repeat the video from the start until the minimum length
of T × F is reached. Each mini-batch of size B used for training is composed of B/2

normal clips and B/2 anomalous clips. This is a simple but effective way to balance the
mini-batch formation, which otherwise will contain mainly normal clips. At inference,
to handle videos covering arbitrary temporal windows, we first divide each video V into
T non-overlapping blocks, where each block contains frames whose number is a multiple
of F , i.e., J ×F , where J depends on the length of V1. We process V with J inferences
to classify all frames in the video. At each jth inference, we extract the jth consecutive
F frames from each block, forming segments with a total of T × F that span the whole
video. We then feed the segments into our approach so that our Temporal model can
reason the long-term temporal relationships among segments.

For a fair comparison with previous works in VAD [110, 128, 55], we use K = 3 for
the MIL selection of the top-K and bottom-K abnormal segments, T = 32 number of
segments, F = 16 frames per segment, and B = 64 batch size.

1We perform loop padding to ensure that each video is of length J × T × F
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Table 2.1: Results of the state-of-the-art methods and our AnomalyCLIP in terms of
VAD and VAR on ShanghaiTech.

Supervision Method Features VAD VAR AUC(%) mAUC(%)

MNAD [85] ✓ 70.50
One-class MPN [73] ✓ 73.80

HF2V AD [68] ✓ 76.20
[142] ResNext ✓ 79.62

Unsupervised [142] ResNext ✓ 78.93

Zero-shot CLIP [90] ViT-B/16 ✓ 49.17 51.02

[104] C3D-RGB ✓ 86.30
IBL [150] C3D-RGB ✓ 82.50
[142] ResNext ✓ 86.21
GCN [151] TSN-RGB ✓ 84.44
MIST [28] I3D-RGB ✓ 94.83
[130] I3D-RGB ✓

Weakly- CLAWS [144] C3D-RGB ✓ 89.67
supervised RTFM [110] I3D-RGB ✓ 97.21 81.60

[129] I3D-RGB ✓ 97.48
MSL [57] I3D-RGB ✓ 96.08
MSL [57] VideoSwin-RGB ✓ 97.32
S3R [128] I3D-RGB ✓ 97.48 87.88
MGFN [15] I3D-RGB ✓
MGFN [15] VideoSwin-RGB ✓
SSRL [55] I3D-RGB ✓ 97.98 93.61
ActionCLIP [119] ViT-B/16 ✓ 96.36 75.63

AnomalyCLIP (ours) ViT-B/16 ✓ ✓ 98.07 96.46

2.4.2 Evaluation against baselines

Regarding VAD, we compare AnomalyCLIP against state-of-the-art methods with
different supervision setups, including one-class [85, 68, 73], unsupervised [142] and
weakly-supervised [55, 110, 128]. As none of the above-mentioned methods address the
VAR task, we produce baselines by re-purposing some best-performing VAD methods
including RTFM [110], S3R [128] and SSRL [55]

• Multi-classification with RTFM [110], S3R [128] and SSRL [55] (weakly-supervised).
We keep the original pretrained model frozen and add a multi-class classification
head that we train to predict the class using a cross-entropy objective on the top-K
most anomalous segments selected as in the original method. These baselines are
weakly-supervised.
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Table 2.2: Results of the state-of-the-art methods and our AnomalyCLIP in terms of
VAD and VAR on UCF-Crime.

Supervision Method Features VAD VAR AUC(%) mAUC(%)

SVM Baseline [104] ✓ 50.00
SSV [101] ✓ 58.50

One-class BODS [118] I3D-RGB ✓ 68.26
GODS [118] I3D-RGB ✓ 70.46
[142] ResNext ✓ 74.20

Un-supervised [142] ResNext ✓ 71.04

Zero-shot CLIP [90] ViT-B/16 ✓ 58.63 74.28

[104] C3D-RGB ✓ 75.41
[104] I3D-RGB ✓ 77.92
IBL [150] C3D-RGB ✓ 78.66
[142] ResNext ✓ 79.84
GCN [151] TSN-RGB ✓ 82.12
MIST [28] I3D-RGB ✓ 82.30
[130] I3D-RGB ✓ 82.44
CLAWS [144] C3D-RGB ✓ 83.03

Weakly- RTFM [110] VideoSwin-RGB ✓ 83.31
supervised RTFM [110] I3D-RGB ✓ 84.03 84.86

[129] I3D-RGB ✓ 84.89
MSL [57] I3D-RGB ✓ 85.30
MSL [57] VideoSwin-RGB ✓ 85.62
S3R [128] I3D-RGB ✓ 85.99 86.55
MGFN [15] VideoSwin-RGB ✓ 86.67
MGFN [15] I3D-RGB ✓ 86.98
SSRL [55] I3D-RGB ✓ 87.43 88.88
ActionCLIP [119] ViT-B/16 ✓ 82.30 87.72

AnomalyCLIP (ours) ViT-B/16 ✓ ✓ 86.36 90.66

• CLIP [90] (zero-shot). We achieve the classification by soft-maxing the cosine
similarities of the input frame feature x with vectors corresponding to the embed-
ding of the textual prompt “a video from a CCTV camera of a {class}” using the
pre-trained CLIP model.

• ActionCLIP [119] (weakly-supervised). We retrain ActionCLIP [119] on our
datasets by propagating the video-level anomaly labels to each frame of the
corresponding video.

Tab. 2.1 presents the results on ShanghaiTech [65]. Although ShanghaiTech is a
rather saturated dataset for VAD due to its simplicity in scenarios, AnomalyCLIP scores
the state-of-the-art results on both VAD and VAR, with +0.09% and +2.85% in terms of
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Table 2.3: Results of the state-of-the-art methods and our AnomalyCLIP in terms of
VAD and VAR on XD-Violence.

Supervision Method Features VAD VAR AP(%) mAP(%)

Zero-shot CLIP [90] ViT-B/16 ✓ 27.21 21.32

[130] C3D-RGB ✓ 67.19
[130] I3D-RGB ✓ 73.20

Weakly- MSL [57] C3D-RGB ✓ 75.53
supervised [129] I3D-RGB ✓ 75.90

RTFM [110] I3D-RGB ✓ 77.81 43.04
MSL [57] I3D-RGB ✓ 78.28
MSL [57] VideoSwin-RGB ✓ 78.58
S3R [128] I3D-RGB ✓ 80.26 36.06
MGFN [15] I3D-RGB ✓ 79.19
MGFN [15] VideoSwin-RGB ✓ 80.11
ActionCLIP [119] ViT-B/16 ✓ 61.01 40.24

AnomalyCLIP (ours) ViT-B/16 ✓ ✓ 78.51 49.41

Table 2.4: Results of the state-of-the-art methods and our AnomalyCLIP in terms of
VAR on UCF-Crime. The table highlights the top performers, with cells highlighted
in red representing first place, cells in orange representing second place, and cells in
yellow representing third place.

Method Class mAUC
Abuse Arrest Arson Assault Burglary Explosion Fighting RoadAcc. Robbery Shooting Shoplifting Stealing Vandalism

RTFM [110] 79.99 62.57 90.53 82.27 85.53 92.76 85.21 90.31 81.17 82.82 92.56 90.23 87.20 84.86
S3R [128] 86.38 68.45 92.19 93.55 86.91 93.55 81.69 85.03 82.07 85.32 91.64 94.59 83.82 86.55
SSRL [55] 95.33 79.26 93.27 91.74 89.06 92.25 87.36 80.24 87.75 84.50 92.31 94.22 88.17 88.88
CLIP zero-shot [90] 57.37 80.65 93.72 80.83 74.34 90.31 83.54 87.46 70.22 63.99 71.21 45.49 66.45 74.28
ActionCLIP [119] 91.88 90.47 89.21 86.87 81.31 94.08 83.23 94.34 82.82 70.53 91.60 94.06 89.89 87.72
AnomalyCLIP 75.03 94.56 96.66 94.80 90.08 94.79 88.76 93.30 86.85 87.45 89.47 97.00 89.78 90.66

Table 2.5: Results of the state-of-the-art methods and our AnomalyCLIP in terms of
VAR on ShanghaiTech. The table highlights the top performers, with cells highlighted
in red representing first place, cells in orange representing second place, and cells in
yellow representing third place.

Method Class mAUC
Car Chasing Circuit Fall Fighting Jumping Monocycle Push Robbery Running Skateboard Stoop ThrowingObj. Vaudeville Vehicle

RTFM [110] 99.70 95.41 99.83 70.19 97.36 89.14 37.99 35.28 67.01 90.59 96.81 64.11 97.93 91.75 90.85 81.60
S3R [128] 98.71 96.80 99.97 85.63 95.93 69.33 96.82 54.76 61.19 94.43 96.92 75.46 97.63 97.78 96.84 87.88
SSRL [55] 99.35 97.31 99.95 91.24 96.88 93.07 89.74 90.62 91.81 94.47 97.73 71.81 98.44 96.32 95.49 93.61
CLIP zero-shot [90] 61.65 77.88 5.95 61.73 79.37 23.68 77.78 63.36 37.71 54.39 76.15 8.47 44.10 65.97 27.08 51.02
ActionCLIP [119] 98.50 93.86 98.59 16.38 97.45 89.63 98.05 8.14 67.36 78.25 97.10 0.76 97.70 98.65 93.97 75.63
AnomalyCLIP 98.08 96.66 97.97 96.69 98.03 95.48 86.89 97.99 95.00 97.95 97.29 98.62 96.50 96.97 96.79 96.46

AUC ROC and mAUC ROC, respectively. ActionCLIP [119] performs poorly in terms
of mAUC, which we attribute to the low proportion of abnormal events in ShanghaiTech
that makes the MIL selection strategy of particular importance to avoid incorrect
supervisory signals on normal frames of abnormal videos. In contrast, our proposal has
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Table 2.6: Results of the state-of-the-art methods and our AnomalyCLIP in terms of
VAR on XD-Violence. The table highlights the top performers, with cells highlighted
in red representing first place, cells in orange representing second place, and cells in
yellow representing third place.

Method Class mAP
Abuse CarAccident Explosion Fighting Riot Shooting

RTFM [110] 9.25 25.36 53.53 61.73 90.38 18.01 43.04
S3R [128] 2.63 23.82 45.29 49.88 90.41 4.34 36.06
CLIP zero-shot [90] 0.32 12.21 22.26 25.25 66.60 1.26 21.32
ActionCLIP [119] 2.73 25.15 55.28 58.09 87.31 12.87 40.24
AnomalyCLIP 6.10 31.31 68.75 71.44 92.74 26.13 49.41

a better recognition of the positive instances of abnormal videos, thus achieving better
performance even when anomalies are rare. AnomalyCLIP achieves a large improvement
of +45.44% in terms of mAUC against zero-shot CLIP, demonstrating that a naive
application of a VAR pipeline in the CLIP space does not yield satisfactory results. A
revision of this space, implemented as our proposed transformation, is necessary to use
it effectively.

Tab. 2.2 reports the results on UCF-Crime [104]. Our method exhibits the best
discrimination of the anomalous classes, achieving the highest mAUC ROC among
baselines. Similar to ShanghaiTech, it also achieves an improvement in terms of mAUC
against zero-shot CLIP, verifying the importance of our proposed adaptation of the
CLIP space. Compared to ActionCLIP [119], our AnomalyCLIP obtains +2.94% in
terms of mAUC, highlighting the need for a MIL framework to mitigate mis-assignment
of anomalous class labels to normal frames of anomalous videos. It is also worth noting
that the higher mAUC obtained by ActionCLIP does not result in a competitive AUC
ROC on VAD, which implies a worse separation between normal and abnormal frames.
When compared to the best performing method, SSRL [55] on VAD, our method obtains
an improvement of +1.78% in terms of mAUC on VAR, while being slightly worse with
−1.07% in terms of AUC ROC on VAD.

Tab. 2.3 shows the results on XD-Violence [130]. AnomalyCLIP outperforms other
state-of-the-art methods on VAR, achieving the highest mAP. Compared to the VAD
baselines’ models, AnomalyCLIP outperforms RTFM [110] and demonstrates perfor-
mance close to S3R [128].

Tabs. 2.4 to 2.6 display the multi-class AUC and AP for each abnormal class. The
proposed method has a clear advantage when applied to the UCF-Crime and XD-
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Violence datasets, which are generally considered to be complex benchmarks in anomaly
detection. Our method achieves the best mAUC and mAP on average, while it is less
advantageous when dealing with anomalies that exhibit slight deviations from normal
patterns, such as Shoplifting in UCF-Crime. The advantage of our proposed method is
less noticeable when applied to the ShanghaiTech dataset, which captures simple scenes
where most methods have achieved a saturated performance.

Fig. 2.3 presents the qualitative results of our proposed AnomalyCLIP in detecting
and recognizing anomalies within a set of UCF-Crime, ShanghaiTech, XD-Violence
test videos. The model is capable of predicting both the presence of anomalies in test
videos and the category of the anomalous event. In video Normal_Video_246 from
UCF-Crime (Row 2, Column 2), it can be seen how some frames have a higher-than-
expected probability of being abnormal. It is interesting to note how in the video
RoadAccidents133 from UCF-Crime (Row 1, Column 2), the anomaly score remains
high even in the aftermath of the accident. It is also interesting to note that for Normal
videos, AnomalyCLIP is able to obtain a relatively low anomaly probability all over the
frames, meaning our model has learned a robust normal representation among Normal
videos. For a more intuitive understanding of the results presented in the chapter, we
invite readers to access the website https://lucazanella.github.io/AnomalyCLIP,
where easily accessible qualitative results are available.

2.4.3 Ablation

In this section, we perform ablations of our method to validate our main design choices
with UCF-Crime: the way in which we represent and learn directions, the transformations
applied to the CLIP space and the employed way for estimating the likelihood of anomaly,
the choice of architecture for the Temporal model, training objectives, and the impact
of using features extracted from different backbones. Finally, we discuss how the notion
of normality generalizes when normal behavior is highly diverse.
Representation and Learning of the Directions. In the ablation shown in Tab. 2.7,
we evaluate the choice of the CoOp [152] framework to learn directions in the CLIP
space. When CoOp is removed, we directly learn the directions from randomly initialized
points in the CLIP space (Row 1) or make use of fixed engineered prompts of the form
“a video from a CCTV camera of a {class}” (Row 2). Both choices result in degradation
of the results, indicating that text-guided initialization of the directions and directions
finetuning are both necessary. Furthermore, we show that unfreezing the last projection
of the text encoder (Row 4) enables a greater freedom in finetuning the discovered
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Figure 2.3: Qualitative results for VAR on four test videos from UCF-Crime (the top
two rows), two test videos from ShanghaiTech (the third row), and two test videos
from XD-Violence (the bottom row). For each video, we show at the bottom the
predicted probability of each frame being anomalous by our model over the number of
frames. We showcase some key frames to reflect the relevance between the predicted
anomaly probability and the visual content. The red shaded areas denote the temporal
ground-truth of anomalies. We also indicate the predicted anomalous class for detected
abnormal frames in the red boxes, while videos without detected anomalies are indicated
with blue boxes as Normal.
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Table 2.7: Ablation on representation and learning of the directions of abnormality.
‘Finetuning’ indicates that the last projection layer is fine-tuned. The final configuration
of our model is represented by the row highlighted in grey in the table.

Text encoder Directions AUC mAUC

No Direct Optimization 84.98 69.86
Frozen Engineered Prompts 84.66 81.35
Frozen CoOp 85.88 87.39
Finetuning CoOp 86.36 90.66

Table 2.8: Comparisons of different architectural choices for the CoOp module. ‘Shared’
means that all the classes share a unified context, otherwise each class has a specific
context. The final configuration of our model is represented by the row highlighted in
grey in the table.

Context vectors Shared AUC mAUC

4 86.16 91.05
8 86.36 90.66
16 85.82 90.65

8 ✓ 85.97 90.01

directions, yielding the best results.
In the ablation shown in Tab. 2.8, we evaluate the architectural choices on the

CoOp module to learn directions in the CLIP space. Specifically, we experimented by
varying the number of context vectors tctx used from 4 to 8 to 16, and using shared
or class-specific context vectors. Although using 4 context vectors results in a slightly
higher mAUC score, we eventually opted to use 8 context vectors because they produce
a higher AUC score. Results (Rows 2 and 4) show that learning a specific set of context
vectors for each class is more tailored to fine-grained categories, rather than relying on
more generic shared context vectors for all classes.
Likelihood Estimation and CLIP Latent Space Transformation. The way in
which the extracted CLIP features are transformed and the chosen likelihood estimation
method play a crucial role in the quality of segment selection. We evaluate several choices
in this procedure in Tab. 2.9. Directly using the CLIP space and cosine similarities
with the learned directions as likelihood estimators (Row 1) produces the worst VAR
results, indicating that the use of the normality prototype m is of high importance in
the context of anomaly detection. Second, Row 2 shows that MIL segment selection
as a function of the feature magnitude without accounting for the direction is not as
effective, given that the large magnitude could be attributed to irrelevant factors.
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Table 2.9: Ablation of different likelihood estimation methods, feature space transfor-
mations, and MIL selection. ‘Features’ indicates the transformation applied to CLIP
features. The final configuration of our model is represented by the row highlighted in
grey in the table.

Likelihood Features MIL Selection AUC mAUC

cosine sim. CLIP cosine sim. 85.59 83.69
S CLIP - m feature magnitude 84.92 89.82
S CLIP - m S 86.36 90.66

Table 2.10: Comparisons of different architectural choices for the Temporal model. The
final configuration of our model is represented by the row highlighted in grey in the
table.

Temporal Model Short-term Long-term AUC mAUC

MLP 74.86 84.46
Transformer ✓ 84.69 88.38
Transformer ✓ 85.10 89.29
MTN ✓ 82.71 87.65
Axial Transformer ✓ ✓ 86.36 90.66

Temporal Model Architecture. Capturing temporal information is an essential
aspect of VAR since it provides insights into the behavior of objects and scenes over
time. Tab. 2.10 shows results for different architectures of T i.e., a 3-layer MLP, two
Transformer Encoders [115], the multi-scale temporal network (MTN), designed in
RTFM and used in S3R and SSRL, and the employed Axial Transformer. In particular,
one transformer encoder (Row 2) performs self-attention on each independent 16-frame
segment, solely modeling short-term dependencies. The other (Row 3) applies self-
attention on segment embeddings, which are obtained by averaging 16-frame feature
embeddings within each segment, thereby only modeling long-term dependencies. To
ensure a fair comparison, both transformers are designed to have a capacity similar to
that of the Axial Transformer. The reduced performance of the MLP baseline (Row 1)
indicates the necessity of considering temporal information that is not readily available in
the extracted CLIP features. The Axial transformer can capture temporal dependencies
and outperform the compared architectures.

Tab. 2.11 shows the results for different values of the embedding size and the number
of layers. In the final architecture, we use 1 layer and an embedding size of 256, for a
total of 10.4 M trainable parameters.

Losses. Tab. 2.12 illustrates the contribution of the losses on the Selector model’s
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Table 2.11: Comparisons of different architectural choices for the Axial Transformer.
The final configuration of our model is represented by the row highlighted in grey in
the table.

Embedding size Number of layers AUC mAUC

64 1 82.83 90.10
128 1 84.97 90.53
256 1 86.36 90.66
512 1 85.51 89.28

256 2 85.89 89.67
256 3 85.15 88.14

Table 2.12: Ablation of the losses on the Selector model. The final configuration of our
model is represented by the row highlighted in grey in the table.

LDIR
A LDIR

N AUC mAUC

85.89 89.34
✓ 85.91 87.26

✓ 86.46 90.75
✓ ✓ 86.36 90.66

outputs, where we progressively remove the losses from the full training objective. The
loss on abnormal videos contributes to improved VAD and VAR results on UCF-Crime.

Tab. 2.13 similarly shows the contribution of the losses on the aggregated model’s
output, where we remove each from the complete training objective. We validate that
each of the proposed losses promotes performance on both the VAD and VAR tasks.

The bottom-K least anomalous segments V−
A = {S−

A1, ...,S
−
AK} of anomalous videos

proved to be beneficial for learning the Temporal Model. Inspired by this, we analyze
the impact of incorporating this set of frames into the Selector Model loss by minimizing
the loss:

LDIR
A− =

∑K
i=1 S(S

−
Ai)c

KF
, (2.15)

Moreover, instead of using all segments of normal videos in the Selector Model loss,
we evaluate the impact of using only the top-K most abnormal segments V+

N =

{S+
N 1, ...,S

+
NK} by minimizing the likelihood predicted by the Selector Model:

LDIR
N+ =

∑K
i=1 S(S

+
Ni)c

KF
(2.16)

In Tab. 2.14, we present our findings, which indicate that modifying the loss function in
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Table 2.13: Ablation of losses on the aggregated outputs. The final configuration of our
model is represented by the row highlighted in grey in the table.

LA+ LA− LN+ AUC mAUC

✓ ✓ 45.23 69.57
✓ ✓ 84.50 90.88
✓ ✓ 80.96 86.10
✓ ✓ ✓ 86.36 90.66

Table 2.14: Ablation on the variation of Selector model losses. The final configuration
of our model is represented by the row highlighted in grey in the table.

LDIR
A LDIR

N LDIR
N+ LDIR

A− AUC mAUC

✓ ✓ ✓ 86.41 88.29
✓ ✓ 86.17 90.53
✓ ✓ 86.36 90.66

Table 2.15: Comparisons of different features. The final configuration of our model is
represented by the row highlighted in grey in the table.

Selector Model Temporal Model AUC mAUC

I3D-RGB I3D-RGB 65.05 84.24
ViT-B/16 I3D-RGB 78.11 88.26
ViT-B/16 S(x) 84.44 86.78
ViT-B/16 ViT-B/16 86.36 90.66

either of two ways causes a degradation of performance. Specifically, our experiments
(Row 1) demonstrate that using the bottom-K least abnormal segments is only effective
when learning the Temporal Model. This is because if there is no clear separation
between the bottom-K and top-K abnormal features, the Selector Model can lead to
incorrectly selected bottom-K features that prevent it from learning good directions
in the feature space. However, incorporating the bottom-K least abnormal segments
becomes beneficial in the Temporal Model, which has a greater capacity. Furthermore,
our experiments indicate that using all normal segments (Row 3) provides a more robust
estimation of the direction from normal to anomalous compared to using only the top-K
most abnormal segments (Row 2).
Feature Representation. The purpose of this ablation study is to determine the most
suitable feature space for the proposed method AnomalyCLIP . To achieve this, we
first investigate whether the space learned by the Selector Model can be applied to the
Temporal Model. This C-dimensional space is formed by projecting each frame feature
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x onto every dc direction, where C represents the number of anomalous classes. Our
results, presented in Tab. 2.15, indicate that using only this space leads to sub-optimal
model performance (Row 3). This finding highlights the necessity of incorporating
the information contained in the original feature space as well. We also experimented
with using I3D features for both the Selector Model and the Temporal Model (Row 1),
but the results demonstrate that the model using these features performs worse. We
attribute this to the fact that I3D features are mapped to a region of space that is not
aligned with the text features, unlike the features generated by CLIP’s image encoder.
For this reason, we also experimented with using I3D features for the Temporal Model
and features from CLIP’s image encoder for the Selector Model (Row 2). The result of
this experiment further emphasizes that the latent space of CLIP is a more semantic
space in which anomalous events of different classes are more separated, which in turn
leads to superior discriminative ability in detecting and recognizing anomalous events.
Normality Generalization. A core challenge in multi-scene VAD is generalizing across
diverse normal behaviors without triggering false alarms. We address this by defining
normality through a global normality prototype (m), calculated as the average feature
vector over all normal frames in the training set. Re-centering the CLIP latent space
around this mean (x = EI(I)−m) acts as a semantic filter, removing common features
shared by normal scenes and isolating residual signals that capture deviations rather
than scene-specific details. While using multiple prototypes could model multi-modal
normality more precisely, this would introduce assignment ambiguity during training, as
weak video-level labels do not specify which prototype should serve as the reference for a
given frame. Instead, global re-centering maps diverse normal behaviors around the same
origin, allowing a single set of learned directions to detect anomalies consistently across
different environments. This results in robust generalization, as evidenced qualitatively
by the consistently low anomaly scores maintained across the highly diverse normal
scenes found in UCF-Crime and XD-Violence (Fig. 2.3).

2.5 Chapter Summary

In this chapter, we addressed the challenging task of Video Anomaly Recognition that
extends the scope of Video Anomaly Detection by further requiring the classification of
the anomalous activities. We proposed AnomalyCLIP , the first method that leverages
VLMs in the context of VAR. Our work sheds light on the fact that a naive application
of existing VLMs [90, 119] to VAR leads to unsatisfactory performance, and we demon-
strated that several technical design choices are required to build a multi-modal deep
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network for detecting and classifying abnormal behaviors. We also performed an exten-
sive experimental evaluation showing that AnomalyCLIP achieves state-or-the-art VAR
results on the benchmark ShanghaiTech [65], UCF-Crime [104], and XD-Violence [130]
datasets.

While these results demonstrate that vision-language representations can be effec-
tively adapted under weak supervision for video anomaly detection and recognition,
AnomalyCLIP still relies on a task-specific training phase to capture normality and
anomaly semantics. In practice, even weakly supervised training can limit deployment
in scenarios where data collection is constrained or infeasible. This limitation motivates
the investigation of whether video anomaly detection can be performed without any
task-specific training, which is the focus of the next chapter.
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Chapter 3

Harnessing Large Language Models for
Training-free Video Anomaly Detection

The methodology introduced in Chapter 2 shows that frozen vision-language representa-
tions already encode rich semantic structure that can be exploited for video anomaly
detection and recognition. However, approaches that rely on a dedicated training phase
remain difficult to deploy in many real-world scenarios, particularly when data collection
is constrained by privacy concerns or rapidly changing environments. Motivated by this
limitation, this chapter investigates whether video anomaly detection can be performed
without any task-specific training. We explore the zero-shot reasoning capabilities of
Large Language Models (LLMs) to evaluate scene descriptions derived from Vision-
Language Models (VLMs), resulting in a training-free formulation that does not require
manual annotation or task-specific model adaptation.

3.1 Introduction

Video anomaly detection (VAD) aims to temporally localize events that deviate signifi-
cantly from the normal pattern in a given video, i.e., the anomalies. VAD is challenging
as anomalies are often undefined and context-dependent, and they rarely occur in the
real world. The literature [47] often casts VAD as an out-of-distribution detection
problem and learns the normal distribution using training data with different levels
of supervision (see Fig. 3.1), including fully-supervised (i.e., frame-level supervision
of both normal and abnormal videos) [6, 117], weakly-supervised (i.e., video-level su-
pervision of both normal and abnormal videos) [104, 129, 110, 55, 57, 48], one-class
(i.e., only normal videos) [85, 68, 73, 106, 137, 143], and unsupervised (i.e., unlabeled
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Figure 3.1: We introduce the first training-free method for video anomaly detection
(VAD), diverging from state-of-the-art methods that are ALL training-based with
different degrees of supervision. Our proposal, LAVAD, leverages modality-aligned
vision-language models (VLMs) to query and enhance the anomaly scores generated by
large language models (LLMs).

videos) [142, 112, 113]. While more supervision leads to better results, the cost of
manual annotation is prohibitive. On the other hand, unsupervised methods assume
abnormal videos to constitute a certain portion of the training data, a fragile assumption
in practice without human intervention.

Crucially, every existing method necessitates a training procedure to establish an
accurate VAD system, and this entails some limitations. One primary concern is
generalization: a VAD model trained on a specific dataset tends to underperform in
videos recorded in different settings (e.g ., daylight versus night scenes). Another aspect,
particularly relevant to VAD, is the challenge of data collection, especially in certain
application domains (e.g ., video surveillance) where privacy issues can hinder data
acquisition. These considerations led us to explore a novel research question: Can we
develop a training-free VAD method?

In this chapter, we aim to answer this challenging question. Developing a training-
free VAD model is hard due to the lack of explicit visual priors on the target setting.
However, such priors might be drawn using large foundation models, renowned for their
generalization capability and wide knowledge encapsulation. Thus, we investigate the
potential of combining existing vision-language models (VLMs) with large language
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models (LLMs) in addressing training-free VAD. On top of our preliminary findings, we
propose the first training-free LAnguage-based VAD method (LAVAD), that jointly
leverages pre-trained VLMs and LLMs for VAD. LAVAD first exploits an off-the-shelf
captioning model to generate a textual description for each video frame. We address
potential noise in the captions by introducing a cleaning process based on the cross-
modal similarity between captions and frames in the video. To capture the dynamics
of the scene, we use an LLM to summarize captions within a temporal window. This
summary is used to prompt the LLM to provide an anomaly score for each frame, which
is further refined by aggregating the anomaly scores among frames with semantically
similar temporal summaries. We evaluate LAVAD on two benchmark datasets: UCF-
Crime [104] and XD-Violence [130], and empirically show that our training-free proposal
outperforms unsupervised and one-class VAD methods on both datasets, demonstrating
that it is possible to address VAD with no training and no data collection.
Contributions. In summary, our contributions are:
• We investigate, for the first time, the problem of training-free VAD, advocating its

importance for the deployment of VAD systems in real settings where data collection
may not be possible.

• We propose LAVAD, the first language-based method for training-free VAD using
LLMs to detect anomalies exclusively from a scene description.

• We introduce novel techniques based on cross-modal similarity with pre-trained VLMs
to mitigate noisy captions and refine the LLM-based anomaly scoring, effectively
improving the VAD performance.

• Experiments show that, while using no task-specific supervision and no training,
LAVAD achieves competitive results w.r.t. unsupervised and one-class VAD methods,
opening new perspectives for future VAD research.

3.2 Related Work

Video Anomaly Detection. Existing literature on training-based VAD methods can be
categorized into four groups, depending on the level of supervision: supervised, weakly-
supervised, one-class classification, and unsupervised. Supervised VAD relies on frame-
level labels to distinguish normal from abnormal frames [6, 117]. However, this scenario
has received little attention due to its prohibitive annotation effort. Weakly-supervised
VAD methods have access to video-level labels (the entire video is labeled as abnormal if
at least one frame is abnormal, otherwise is regarded as normal) [104, 129, 110, 55, 57, 48].
Most of these methods utilize 3D convolutional neural networks for feature learning and
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employ a multiple instance learning (MIL) loss for training. One-class VAD methods
train only on normal videos, although manual verification is necessary to ensure the
normality of the collected data. Several methods [85, 68, 73, 106, 137, 143] have been
proposed, e.g ., considering generative models [137] or pseudo-supervised methods, where
pseudo-anomalous instances are synthesized from normal training data [143]. Finally,
Unsupervised VAD methods do not rely on predefined labels, leveraging both normal
and abnormal videos with the assumption that most videos contain normal events
[142, 112, 113, 108, 107]. Most methods in this category exploit generative models to
capture normal data patterns in videos. In particular, generative cooperative learning
(GCL) [142] employs alternating training: an autoencoder reconstructs input features,
and pseudo-labels from reconstruction errors guide a discriminator. Tur et al . [112, 113]
use a diffusion model to reconstruct the original data distribution from noisy features,
calculating anomaly scores based on the reconstruction error between denoised and
original samples. Other approaches [108, 107] train a regressor network from a set of
pseudo-labels generated using OneClassSVM and iForest [62].

Instead, we completely sidestep the need for collecting data and training the model
by exploiting existing large-scale foundation models to design a training-free pipeline
for VAD.
LLMs for VAD. Recently, LLMs have been explored in detecting visual anomalies
across diverse application domains. Kim et al . [50] propose an unsupervised method
that mainly leverages VLMs for detecting anomalies, where ChatGPT is only utilized to
produce textual descriptions that characterize normal and anomalous elements. However,
the method involves human-in-the-loop to refine the LLM’s outputs according to specific
application contexts and requires further training to adapt the VLM. Other examples
include exploiting LLMs for spatial anomaly detection in images addressing specific
applications in robotics [25] or industry [33].

Differently, we leverage LLMs together with VLMs to address temporal anomaly
detection on videos and propose the first training-free method for VAD, requiring no
training and no data collection.

3.3 Training-Free VAD

In this section, we first formalize the VAD problem and the proposed training-free
setting (Sec. 3.3.1). We then analyze the capabilities of LLMs in scoring anomalies
in video frames (Sec. 3.3.2). Finally, we describe LAVAD, our proposed VAD method
(Sec. 3.3.3).
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Figure 3.2: Bar plot of the VAD performance (AUC ROC) by querying LLMs with
textual descriptions of video frames from various captioning models on the UCF-Crime
test set. Different bars correspond to different variants of the captioning model BLIP-
2 [56], while different colors indicate two different LLMs [111, 46]. For reference, we also
plot the performance of the best-performing unsupervised method [108] in a red dashed
line, and that of a random classifier in a gray dashed line.

3.3.1 Problem formulation

Given a test video V = [I1, . . . , IM ] of M frames, traditional VAD methods aim to learn
a model f , which can classify each frame I ∈ V as either normal (score 0) or anomalous
(score 1), i.e. f : IM → [0, 1]M with I being the image space. f is usually trained on
a dataset D that consists of tuples in the form (V, y). Depending on the supervision
level, y can be either a binary vector with frame-level labels (fully-supervised), a binary
video-level label (weakly-supervised), a default one (one-class), or absent (unsupervised).
However, in practice, it can be costly to collect y as anomalies are rare, and V itself due
to potential privacy concerns. Moreover, both label and video data may need regular
updates due to evolving application contexts.

Differently, in this chapter, we introduce a novel setup for VAD, termed as training-
free VAD. Under this setting, we aim to estimate the anomaly score of each I ∈ V

using only pre-trained models at inference time, i.e., without any training or fine-tuning
involving a training dataset D.

39



3.3. Training-Free VAD
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Figure 3.3: The anomaly score predicted by Llama [111] over time for video Shooting033
from UCF-Crime. We highlight some sample frames with their associated BLIP-2 cap-
tions to demonstrate that the caption can be semantically noisy or incorrect (red
bounding boxes are for abnormal predictions, while blue bounding boxes are for normal
predictions). Ground-truth anomalies are highlighted. In particular, the caption of
the frame enclosed by a blue bounding box within the ground truth anomaly fails to
accurately represent the visual content, leading to a wrong classification due to the low
anomaly score given by the LLM.

3.3.2 Are LLMs good for VAD?

We propose to address training-free VAD by exploiting recent advances in LLMs. As
the use of LLMs in VAD is still in its infancy [50], we first analyze the capabilities of
LLMs in producing an anomaly score based on a textual description of a video frame.

To achieve this, we first exploit a state-of-the-art captioning model ΦC, i.e. BLIP-
2 [56], to generate a textual description for each frame I ∈ V. We then treat anomaly
score estimation as a classification task, asking an LLM ΦLLM to select only one score
from a list of 11 uniformly sampled values in the interval [0, 1], where 0 means normal
and 1 anomalous. We get the anomaly score as:

ΦLLM(PC ◦ PF ◦ ΦC(I)) (3.1)

where PC is a context prompt that provides priors to the LLM regarding VAD, PF
instructs the LLM on the desired output format to facilitate automated text parsing1,
and ◦ is the text concatenation operation. We devise PC to simulate a potential end
user of a VAD system, e.g ., law enforcement agency, as we empirically observe that
impersonation can be an effective way of guiding the output generation of the LLM. For
example, we can form PC as: “If you were a law enforcement agency, how would you

1The exact form of PF can be found in the Appendix
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Figure 3.4: The architecture of our proposed LAVAD for addressing training-free VAD.
For each test video V, we first employ a captioning model to generate a caption Ci for
each frame Ii ∈ V, forming a caption sequence C. Our Image-Text Caption Cleaning
component addresses noisy and incorrect raw captions based on cross-modal similarity.
We replace the raw caption with a caption Ĉi ∈ C whose textual embedding ET (Ĉi) is
most aligned to the image embedding EI(Ii), resulting in a cleaned caption sequence Ĉ.
To account for scene context and dynamics, our LLM-based Anomaly Scoring component
further aggregates the cleaned captions within a temporal window centered around
each Ii by prompting the LLM to produce a temporal summary Si, forming a summary
sequence S. The LLM is then queried to provide an anomaly score for each frame
based on its Si, obtaining the initial anomaly scores a for all frames. Finally, our Video-
Text Score Refinement component refines each ai by aggregating the initial anomaly
scores of frames whose textual embeddings of the summaries are mostly aligned to
the representation EV (Vi) of the video snippet Vi centered around Ii, leading to the
final anomaly scores ã for detecting the anomalies ( anomalous frames are highlighted)
within the video.

rate the scene described on a scale from 0 to 1, with 0 representing a standard scene and
1 denoting a scene with suspicious activities?". Note that PC does not encode any prior
on the type of anomalies itself, but just on the context.

Finally, with the estimated anomaly score from Eq. (3.1), we measure the VAD per-
formance using the standard area under the curve of the receiver operating characteristic
(AUC ROC). Fig. 3.2 reports the results obtained on the test set of the UCF-Crime
dataset [104] with different variants of BLIP-2 for obtaining the frame captions, and with
different LLMs, including Llama [111] and Mistral [46], for computing the frame-level
anomaly scores. For reference, we also provide the state-of-the-art performance under
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the unsupervised setting (the closest setting to ours) [108], and the random scoring
as lower-bound. The plot demonstrates that state-of-the-art LLMs possess anomaly
detection capabilities, largely outperforming random scoring. However, this performance
is much lower w.r.t. trained state-of-the-art methods, even in an unsupervised setting.

We observe that two aspects might be the limiting factors in LLMs’ performance.
Firstly, the frame-level captions can be very noisy: the captions might be broken or
may not fully reflect the visual content (see Fig. 3.3). Despite the use of BLIP-2 [56],
the best off-the-shelf captioning model, some captions appear corrupted, thus leading
to unreliable anomaly scores. Secondly, the frame-level caption lacks details about the
global context and the dynamics of the scene, which are key elements when modeling
videos. In the following, we address these two limitations and propose LAVAD, the first
training-free method for VAD that leverages LLMs for anomaly scoring together with
modality-aligned VLMs.

3.3.3 LAVAD: LAnguage-based VAD

LAVAD decomposes the VAD function f into five elements (see Fig. 3.4). As in the
preliminary study, the first two are the captioning module ΦC mapping images to textual
descriptions in the language space T , i.e., ΦC : I → T , and the LLM ΦLLM generating
text from language queries, i.e., ΦLLM : T → T . The other elements involve three
encoders mapping input representations to a shared latent space Z. Specifically we
have the image encoder EI : I → Z, the textual encoder ET : T → Z, and the video
encoder EV : V → Z for videos. Note that all five elements involve only off-the-shelf
frozen models.

Following the positive findings of the preliminary analysis, LAVAD leverages ΦLLM

and ΦC to estimate the anomaly score for each frame. We design LAVAD to address
the limitations related to noise and lack of scene dynamics in frame-level captions by
introducing three components: i) Image-Text Caption Cleaning through the vision-
language representations of EI and ET , ii) LLM-based Anomaly Scoring, encoding
temporal information via ΦLLM and iii) Video-Text Score Refinement of the anomaly
scores via video-text similarity, using EV and ET . In the following, we describe each
component in detail.

Image-Text Caption Cleaning. For each test video V, we first employ ΦC to generate
a caption Ci for each frame Ii ∈ V. Specifically, we denote as C = [C1, . . . , CM ] the
sequence of captions, where Ci = ΦC(Ii). However, as shown in Sec. 3.3.2, the raw
captions can be noisy, with broken sentences or incorrect descriptions. To mitigate this
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issue, we rely on the captions of the whole video C assuming that in this set there
exist captions that are unbroken and better capture the content of their respective
frames, an assumption often verified in practice as the video features a scene captured by
static cameras at a high frame rate. Thus, semantic content among frames can overlap
regardless of their temporal distances. From this perspective, we treat caption cleaning
as finding the semantically closest caption to a target frame Ii within C.

Formally, we make use of vision-language encoders and form a set of caption embed-
dings by encoding each caption in C via ET , i.e. {ET (C1), . . . , ET (CM )}. For each frame
Ii ∈ V, we compute its closest semantic caption as:

Ĉi = argmax
C∈C

⟨EI(Ii) · ET (C)⟩, (3.2)

where ⟨·, ·⟩ is the cosine similarity, and EI the image encoder of the VLM. We then
build the cleaned set of captions as Ĉ = [Ĉ1, . . . , ĈM ], replacing each initial caption Ci

with its counterpart Ĉi retrieved from C. By performing the caption cleaning process,
we can propagate the captions of frames that are semantically more aligned to the
visual content, regardless of their temporal positioning, to improve or correct noisy
descriptions.

LLM-based Anomaly Scoring. The obtained caption sequence Ĉ, while being
cleaner than the initial set, lacks temporal information. To overcome this, we leverage
the LLM to provide temporal summaries. Specifically, we define a temporal window of
T seconds, centered around Ii. Within this window, we uniformly sample N frames,
forming a video snippet Vi, and a caption sub-sequence Ĉi = {Ĉn}Nn=1. We can then
query the LLM with Ĉi and a prompt PS to get the temporal summary Si centered on
frame Ii:

Si = ΦLLM(PS ◦ Ĉi) (3.3)

where the prompt PS is formed as “Please summarize what happened in few sentences,
based on the following temporal description of a scene. Do not include any unnecessary
details or descriptions."2.

Coupling Eq. (3.3) with the refinement process of Eq. (3.2), we obtain a textual
description of the frame (Si) which is semantically and temporally richer than Ci. With
Si, we can then query the LLM for estimating an anomaly score. Following the same
prompting strategy described in Sec. 3.3.2, we ask ΦLLM to assign to each temporal

2Ĉi is represented as an ordered list, with items separated by \n.
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summary Si a score ai in the interval [0, 1]. We get the score as:

ai = ΦLLM(PC ◦ PF ◦ Si) (3.4)

where, as in Sec. 3.3.2, PC is a context prompt containing VAD contextual priors, and
PF provides information on the desired output format.

Video-Text Score Refinement. By querying the LLM for each frame in the video with
Eq. (3.4), we obtain the initial anomaly scores of the video a = [a1, . . . , aM ]. However, a
is purely based on the language information encoded in their summaries, without taking
into account the whole set of scores. Thus, we further refine them by leveraging the
visual information to aggregate scores from semantically similar frames. Specifically, we
encode the video snippet Vi centered around Ii using EV and all the temporal summaries
using ET . Let us define Ki as the set of indices of the K-closest temporal summaries
to Vi in {S1, . . . , SM}, where the similarity between Vi and a caption Sj is the cosine
similarity, i.e. ⟨EV (Vi), ET (Sj)⟩. We obtain the refined anomaly score ãi:

ãi =
∑
k∈Ki

ak ·
e⟨EV (Vi),ET (Sk)⟩∑

k∈Ki
e⟨EV (Vi),ET (Sk)⟩

(3.5)

where ⟨·, ·⟩ is the cosine similarity. Note that Eq. (3.5) exploits the same principles
of Eq. (3.2), refining frame-level estimations (i.e., score/captions) using their visual-
language similarity (i.e., video/image) with other frames in the video. Finally, with the
refined anomaly scores for the test video ã = [ã1, . . . , ãM ], we identify the anomalous
temporal windows via thresholding.

3.4 Experiments

We validate our training-free proposal LAVAD on two datasets in comparison with
state-of-the-art VAD methods that are trained with different levels of supervision, as well
as training-free baselines. We conduct an extensive ablation study to justify our main
design choices regarding the proposed components, prompt design, and score refinement.
In the following, we first describe our experimental setup in terms of datasets and
performance metrics. We then present and discuss the results in Sec. 3.4.1, followed by
the ablation study in Sec. 3.4.2.

Datasets. We evaluate our method using two commonly used VAD datasets featuring
real-world surveillance scenarios, i.e., UCF-Crime [104] and XD-Violence [130].
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Table 3.1: Comparison with state-of-the-art weakly-supervised , one-class ,
unsupervised and training-free methods on the UCF-Crime dataset. The best results
among training-free methods are highlighted in bold.

Method Backbone AUC(%)

Sultani et al. [104] C3D-RGB 75.41
Sultani et al. [104] I3D-RGB 77.92
IBL [150] C3D-RGB 78.66
GCL [142] ResNext 79.84
GCN [151] TSN-RGB 82.12
MIST [28] I3D-RGB 82.30
Wu et al.[130] I3D-RGB 82.44
CLAWS [144] C3D-RGB 83.03
RTFM [110] VideoSwin-RGB 83.31
RTFM [110] I3D-RGB 84.03
Wu & Liu [129] I3D-RGB 84.89
MSL [57] I3D-RGB 85.30
MSL [57] VideoSwin-RGB 85.62
S3R [128] I3D-RGB 85.99
MGFN [16] VideoSwin-RGB 86.67
MGFN [16] I3D-RGB 86.98
SSRL [55] I3D-RGB 87.43
CLIP-TSA [48] ViT 87.58

SVM [104] - 50.00
SSV [101] - 58.50
BODS [118] I3D-RGB 68.26
GODS [118] I3D-RGB 70.46

GCL [142] ResNext 74.20
Tur et al. [112] ResNet 65.22
Tur et al. [113] ResNet 66.85
DyAnNet [108] I3D 79.76

ZS CLIP [90] ViT 53.16
ZS ImageBind (Image) [30] ViT 53.65
ZS ImageBind (Video) [30] ViT 55.78
LLaVA-1.5 [63] ViT 72.84
LAVAD ViT 80.28

UCF-Crime is a large-scale dataset that is composed of 1900 long untrimmed real-world
surveillance videos, covering 13 real-world anomalies. The training set consists of 800
normal and 810 anomalous videos, while the test set includes 150 normal and 140
anomalous videos.

XD-Violence is another large-scale dataset for violence detection, comprising 4754

45



3.4. Experiments

Table 3.2: Comparison with state-of-the-art weakly-supervised , one-class ,
unsupervised and training-free methods on the XD-Violence dataset. ∗ denotes
results reported in [107]. The best results among training-free methods are highlighted
in bold.

Method Backbone AP(%) AUC(%)

Wu et al. [130] C3D-RGB 67.19 -
Wu et al. [130] I3D-RGB 73.20 -
MSL [57] C3D-RGB 75.53 -
Wu and Liu[129] I3D-RGB 75.90 -
RTFM [110] I3D-RGB 77.81 -
MSL [57] I3D-RGB 78.28 -
MSL [57] VideoSwin-RGB 78.58 -
S3R[128] I3D-RGB 80.26 -
MGFN [16] I3D-RGB 79.19 -
MGFN [16] VideoSwin-RGB 80.11 -

Hasan et al. [35] AERGB - 50.32∗
Lu et al. [69] Dictionary - 53.56∗
BODS [118] I3D-RGB - 57.32∗
GODS[118] I3D-RGB - 61.56∗

RareAnom [107] I3D-RGB - 68.33∗

ZS CLIP [90] ViT 17.83 38.21
ZS ImageBind (Image) [30] ViT 27.25 58.81
ZS ImageBind (Video) [30] ViT 25.36 55.06
LLaVA-1.5 [63] ViT 50.26 79.62
LAVAD ViT 62.01 85.36

untrimmed videos with audio signals and weak labels that are collected from both movies
and YouTube. XD-Violence captures 6 categories of anomalies and it is divided into a
training set of 3954 videos and a test set of 800 videos.

Performance Metrics. We measure the VAD performance using the area under the
curve (AUC) of the frame-level receiver operating characteristics (ROC) as it is agnostic
to thresholding for the detection task. For the XD-Violence dataset, we also report
the average precision (AP), i.e., the area under the frame-level precision-recall curve,
following the established evaluation protocol in [130].

Implementation Details. We sample each video every 16 frames for computational
efficiency. We employ BLIP-2 [56] as the captioning module ΦC. Particularly, we consider
an ensemble of BLIP-2 model variants in our Image-Text Caption Cleaning technique.
We use Llama-2-13b-chat [111] as our LLM module ΦLLM. We use multimodal encoders
provided by ImageBind [30]. Specifically, the temporal window is T = 10 seconds, in
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line with the pre-trained video encoder of ImageBind. We employ K = 10 in Video-Text
Score Refinement.

3.4.1 Comparison with state of the art

We compare LAVAD against state-of-the-art approaches, including unsupervised meth-
ods [142, 112, 113, 108, 107], one-class methods [35, 69, 118, 104, 101], and weakly-
supervised methods [104, 150, 142, 151, 28, 130, 144, 110, 129, 57, 57, 128, 16, 55, 48].
In addition, as none of the above methods specifically address VAD in a training-free
setup, we further introduce a few training-free baselines with VLMs, i.e., CLIP [90],
ImageBind [30], and LLaVa [63].

Specifically, we introduce Zero-shot CLIP [90] (ZS CLIP) and Zero-shot ImageBind
[30] (ZS ImageBind). For both baselines, we exploit their pre-trained encoders to
compute the cosine similarities of each frame embedding against the textual embeddings
of two prompts: a standard scene and a scene with suspicious or potentially criminal
activities. We then apply a softmax function to the cosine similarities to obtain the
anomaly score for each frame. Since ImageBind also supports the video modality, we
include ZS ImageBind (Video) using the cosine similarities of the video embeddings
against the two prompts. We choose ViT-B/32 [23] as the visual encoder for ZS-CLIP,
ViT-H/14 [23] as the visual encoders for ZS-ImageBind (Image, Video), and both
utilize CLIP’s text encoder [90]. Finally, we introduce a baseline based on LLaVA-1.5,
where we directly query LLaVa [63] to generate an anomaly score for each frame, using
the same context prompt as in ours. LLaVA-1.5 uses CLIP ViT-L/14 [90] as the visual
encoder and Vicuna-13B as the LLM.

Tab. 3.1 presents the results of the full comparison against the state-of-the-art
methods, as well as our introduced training-free baselines, on the UCF-Crime dataset
[104]. Notably, our method without any training demonstrates superior performance
compared to both the one-class and unsupervised baselines, achieving a higher AUC ROC,
with a significant improvement of +6.08% when compared to GCL [142] and a minor
improvement of +0.52% against the current state of the art obtained by DyAnNet [108].

Moreover, it is evident that training-free VAD is a challenging task as a naive
application of VLMs to VAD, such as ZS CLIP, ZS ImageBind (Image) and ZS

ImageBind (Video), leads to poor VAD performance. VLMs are mostly trained
to attend to foreground objects, rather than actions or the background information
in an image that contributes to the judgment of anomalies. This might be the main
reason for the poor generalization of VLMs on the VAD task. The baseline LLaVA-
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Figure 3.5: We showcase qualitative results obtained by LAVAD on four test videos,
including two videos (top row) from UCF-Crime and two videos from XD-Violence
(bottom row). For each video, we plot the anomaly score over frames computed by our
method. We display some keyframes alongside their most aligned temporal summary
(blue bounding boxes for normal frame predictions and red bounding boxes for abnormal
frame predictions), illustrating the relevance among the predicted anomaly score, visual
content, and description. Ground-truth anomalies are highlighted.

1.5, which directly prompts for the anomaly score for each frame, achieves a much
higher VAD performance than directly exploiting VLMs in a zero-shot manner. Yet, its
performance is still inferior to ours, where we leverage a richer temporal scene description
for anomaly estimation, instead of a single-frame basis. The similar effect of the temporal
summary is also confirmed by our ablation study as presented in Tab. 3.3. We also
report the comparison against state-of-the-art methods and our baselines evaluated on
XD-Violence in Tab. 3.2. Ours achieves superior performance compared to all one-class
and unsupervised methods. In particular, LAVAD outperforms RareAnom [107], the
best-scoring unsupervised method, by a substantial margin of +17.03% in terms of AUC
ROC.

Qualitative Results. Fig. 3.5 shows qualitative results of LAVAD with sample videos
from UCF-Crime and XD-Violence, where we highlight some keyframes with their
temporal summaries. In the three abnormal videos (Row 1, Column 1, and Row 2), we
can see that the temporal summaries of the keyframes during the anomalies accurately
portray the visual content regarding the anomalous situations, which in turn benefits
LAVAD to correctly identify the anomalies. In the case of Normal_Videos_722 (row 1,
column 2), we can see that LAVAD consistently predicts a low anomaly score throughout
the video.
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3.4.2 Ablation study

In this section, we present the ablation study conducted with the UCF-Crime dataset.
We first ablate the effectiveness of each proposed component of LAVAD. Then, we
demonstrate the impact of task-related priors in the context prompt PC when prompting
the LLM for estimating the anomaly scores. We also show the effect of K when
aggregating the K semantically closest frames in the Video-Text Score Refinement
component. Finally, we investigate the sensitivity of LAVAD to the choice of the
captioning model used to generate frame descriptions.

Effectiveness of each proposed component. We ablate different variants of our
proposed method LAVAD to prove the effectiveness of the three proposed components,
including Image-Text Caption Cleaning, LLM-based Anomaly Score, and Video-Text
Score Refinement. Tab. 3.3 shows the results of all ablated variants of LAVAD. When
the Image-Text Caption Cleaning component is omitted (Row 1), i.e., the LLM only
exploits the raw captions to perform temporal summary and obtain the anomaly scores
with refinement, the VAD performance degrades by −3.8% compared to LAVAD in
terms of AUC ROC (Row 4). If we do not perform temporal summary, and only rely on
the cleaned captions with refinement (Row 2), we observe a significant performance drop
of −7.58% compared to LAVAD in AUC ROC, indicating that the temporal summary
is an effective booster for LLM-based anomaly scoring. Finally, if we only use the
anomaly scores obtained with the temporal summary on cleaned captions, without the
final aggregation of semantically similar frames (Row 3), we can see that the AUC
ROC decreases with a significant margin of −7.49% compared to LAVAD, proving
that Video-Text Score Refinement also plays an important role in improving the VAD
performance.

Task priors in the context prompt. We investigate the impact of different priors in
the context prompt PC and present the results in Tab. 3.4. In particular, we experimented
on two aspects, i.e., impersonation and anomaly prior, which we believe can potentially
benefit the estimation of LLM. Impersonation may help the LLM to process the input
from the perspective of potential end users of a VAD system, while anomaly prior, e.g .,
anomalies are criminal activities, may provide the LLM with a more relevant semantic
context. Specifically, we ablate LAVAD with various context prompts PC . We begin with
a base context prompt: “How would you rate the scene described on a scale from 0 to 1,
with 0 representing a standard scene and 1 denoting a scene with suspicious activities?"
(Row 1). We inject only the anomaly prior by appending “suspicious activities" with
“or potentially criminal activities" (Row 2). We incorporate only impersonation by
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adding “If you were a law enforcement agency,” at the beginning of the base prompt
(Row 3). Finally, we integrate both priors into the base context prompt (Row 4). As
shown in Tab. 3.4, for videos within UCF-Crime, the anomaly prior appears to have a
negligible effect on the LLM’s assessment for anomalies, while impersonation improves
the AUC ROC by +0.96% compared to the one obtained with only the base context
prompt. Interestingly, incorporating both priors does not further boost the AUC ROC.
We hypothesize that a more stringent context might limit the detection of a wider range
of anomalies.

Effect of K on refining anomaly score. In this experiment, we investigate how the
VAD performance changes in relation to the number of semantically similar temporal
summaries, i.e., K, used for refining the anomaly score of each frame. As depicted
in Fig. 3.6, the AUC ROC metric consistently increases as K increases, and saturates
when K approaches 9. The plot confirms the contribution of accounting for semantically
similar frames in obtaining more reliable anomaly scores of the video.

Impact of different captioning models. To understand the sensitivity of LAVAD to
the choice of the captioning model, we evaluate multiple BLIP-2 [56] variants and their
ensemble on both UCF-Crime [104] and XD-Violence [130] (see Tabs. 3.5 and 3.6).

On UCF-Crime (Tab. 3.5), the ensemble approach (Row 6) achieves the best perfor-
mance. The low-resolution nature of CCTV footage in this dataset often leads individual
models to hallucinate specific actions. For instance, a model may incorrectly generate
“a person riding a skateboard down a road” when the image only depicts a road in the
absence of any specific event. By selecting the semantically closest captions from an
ensemble of candidates, the model more effectively filters out these hallucinations in
favor of more accurate scene descriptions.

Conversely, on XD-Violence (Tab. 3.6), the flan-t5-xxl variant (Row 3) performs best.
We observe that while some variants prioritize foreground objects, flan-t5-xxl better
captures background elements that often constitute anomalies in this dataset, such as
“a vehicle enveloped in smoke on a busy street.”. In this context, the ensemble approach
can be detrimental, as the cleaning step may favor generic foreground captions over
the more specific, anomaly-related descriptions produced by a single specialized variant.
These findings suggest that while ensembling provides robustness to low-resolution noise,
selecting a captioning model that can capture subtle scene-level changes (e.g ., smoke) is
preferable when anomalies are not defined by salient foreground objects or actions.
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Table 3.3: Results of LAVAD variants w/o each proposed component on the UCF-Crime
Dataset.

Image-Text LLM-based Video-Text AUC
Caption Cleaning Anomaly Scoring Score Refinement (%)

✗ ✓ ✓ 76.48
✓ ✗ ✓ 72.70
✓ ✓ ✗ 72.79
✓ ✓ ✓ 80.28

Table 3.4: Results of LAVAD on UCF-Crime with different priors in the context prompt
when querying the LLM for anomaly scores.

Anomaly prior Impersonation AUC (%)

✗ ✗ 79.32
✓ ✗ 79.38
✗ ✓ 80.28
✓ ✓ 79.77
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Figure 3.6: Results of LAVAD on UCF-Crime over the number of K semantically similar
frames used for anomaly score refinement.

3.5 Chapter Summary

In this chapter, we introduced LAVAD, a pioneering method to address training-free
VAD. LAVAD follows a language-driven pathway for estimating the anomaly scores,
leveraging off-the-shelf LLMs and VLMs. LAVAD has three main components, where
the first uses image-text similarities to clean the noisy captions provided by a captioning
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Table 3.5: Results of LAVAD on UCF-Crime with different BLIP-2 model variants in
our Image-Text Caption Cleaning technique.

BLIP-2 AUC
flan-t5-xl flan-t5-xl-coco flan-t5-xxl opt-6.7b opt-6.7b-coco (%)

✓ ✗ ✗ ✗ ✗ 74.19
✗ ✓ ✗ ✗ ✗ 74.49
✗ ✗ ✓ ✗ ✗ 74.38
✗ ✗ ✗ ✓ ✗ 75.50
✗ ✗ ✗ ✗ ✓ 73.94
✓ ✓ ✓ ✓ ✓ 80.28

Table 3.6: Results of LAVAD on XD-Violence with different BLIP-2 model variants in
our Image-Text Caption Cleaning technique.

BLIP-2 AP AUC
flan-t5-xl flan-t5-xl-coco flan-t5-xxl opt-6.7b opt-6.7b-coco (%) (%)

✓ ✗ ✗ ✗ ✗ 61.09 85.16
✗ ✓ ✗ ✗ ✗ 57.41 82.78
✗ ✗ ✓ ✗ ✗ 62.01 85.36
✗ ✗ ✗ ✓ ✗ 56.55 82.42
✗ ✗ ✗ ✗ ✓ 54.71 82.93
✓ ✓ ✓ ✓ ✓ 59.62 84.90

model; the second leverages an LLM to aggregate scene dynamics over time and estimate
anomaly scores; and the final component refines the latter by aggregating scores from
semantically close frames according to video-text similarity. We evaluated LAVAD on
both UCF-Crime and XD-Violence, demonstrating superior performance compared to
training-based methods in the unsupervised and one-class setting, without the need for
training and additional data collection.

Although LAVAD removes the need for task-specific training by shifting decision-
making entirely to inference time, it operates under an offline assumption, requiring
access to the complete video sequence. This limits its applicability in real-world settings
where systems must process streaming data and provide timely feedback. Addressing
this constraint requires extending training-free video understanding to causal, online
inference, which is the focus of the next chapter.
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Chapter 4

Training-free Online Video Step
Grounding

While the training-free approach in Chapter 3 represents a step toward scalable video
understanding, it assumes an offline setting in which the entire video sequence is available
for global reasoning. In many real-world applications, however, systems must operate
causally on live video streams, providing immediate feedback without access to future
observations. This chapter extends the training-free paradigm to online inference by
integrating Large Multimodal Models (LMMs) with Bayesian filtering, allowing beliefs
over procedural steps to be updated incrementally as visual evidence becomes available.

4.1 Introduction

Grounding procedural steps in videos is crucial for enabling machines to follow along and
assist humans in complex tasks like cooking a recipe, assembling furniture, or performing
maintenance work. This ability is particularly valuable for real-time procedural guidance
in AR/XR applications, where recognizing task progress allows users wearing headsets
or smart glasses to receive timely, step-specific instructions. Specifically, the task of
Video Step Grounding (VSG) takes as input a list of procedural steps extracted from an
instructional article (e.g ., a recipe or how-to guide), and a video performing the same
task, with the goal of identifying which of the steps are performed in the video.

Existing VSG approaches align procedural steps descriptions with their corresponding
video frames [17, 34, 58, 76]. However, these strategies face two key limitations. First,
they need a training set, entailing the cost of collecting (and potentially annotating) it.
Moreover, a training set could bias models toward the specific videos and procedural
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Figure 4.1: We tackle Video Step Grounding with BaGLM, a training-free approach
which combines Bayesian filtering with Large Multimodal Models to enable online
inference over video streams.

tasks that are depicted, limiting their generalization capability. Second, they assume
offline processing, where the entire video is available ahead of time. This makes them
unsuitable for real-world applications processing a live video stream.

To overcome these limitations, we explore how to address VSG online and without
training, i.e., operating on a streaming video (Fig. 4.1). This objective is challenging
as it requires performing predictions with partial evidence (i.e., having access to only
a subset of the video frames) and without the possibility of extracting task-specific
representations that would be typically learned from a dedicated training set. In this
scenario, we explore the zero-shot capabilities of powerful Large Multimodal Models
(LMMs) [5, 54, 19] for VSG. Specifically, given the set of steps, we prompt LMMs to
predict the step corresponding to the current video segment. Surprisingly, models such
as InternVL [19] could already surpass state-of-the-art training-based methods [58, 76],
despite only having access to a single segment at a time. This highlights a strong
potential for addressing VSG without training.

Building on the zero-shot capabilities of LMMs, we show how performance can be
further improved by modeling temporal dependencies across steps and leveraging past
information. To this end, we propose Bayesian Grounding with Large Multimodal Models
(BaGLM), a training-free approach for VSG that combines Bayesian probabilistic
modeling with LMMs. We harness a Large Language Model (LLM) to estimate a
dependency matrix, capturing whether one step is a prerequisite of another. From this
matrix, we compute transition probabilities to each step in the current video segment

54



Chapter 4. Training-free Online Video Step Grounding

(i.e., the predict step of the Bayesian filter). This prior refines the LMM direct prediction
(i.e., the update step), injecting past temporal knowledge into the model’s output. The
transition model is updated over time, following the progress of each step estimated by
the LMM. On three publicly available datasets (HT-Step [2], CrossTask [155], Ego4D
Goal-Step [102]), BaGLM consistently outperforms existing methods with significant
margins, achieving state-of-the-art results on this challenging task.

We make four key contributions: ① We present the first study to address VSG
in an online, training-free setting, eliminating the need for data collection and better
aligning with practical application needs; ② We show that the zero-shot LMMs can
surpass specialized, training-based methods, revealing their potential for addressing
VSG. ③ We propose a method, BaGLM, which incorporates priors from past video
frames into LMMs through Bayesian filtering, modeling the temporal dependencies
across steps via LLM queries; ④ We extensively evaluate BAGLM on three datasets,
showing that it outperforms state-of-the-art offline methods.

4.2 Related Work

Video Step Grounding. Earlier works in VSG adopted weakly-supervised learn-
ing approaches. For instance, Zhukov et al. [155] proposed to learn a model from
instructional narrations and a list of steps derived from temporal constraints, sharing
components across tasks with similar actions or objects. Han et al. [34] proposed a
co-training framework that combines a Temporal Alignment Network (TAN) with a
dual-encoder architecture, predicting step boundaries by aligning videos and narrations,
using pseudo-labels derived from cross-modal agreement. VINA [76] considered step de-
scriptions from WikiHow [126] and learned to temporally ground them in videos without
manual supervision. Recent methods have increasingly leveraged language models and
large-scale pretraining. MPTVA [17] introduced a multi-pathway alignment strategy
using LLM-filtered narration summaries and multiple sources of alignment, merging
them to create robust pseudo-labels for training. NaSVA [58] addressed multi-sentence
grounding by leveraging LLMs to transform noisy ASR transcripts into procedural steps,
aligning them with video content using a narration-based similarity score.

Together, these approaches illustrate the progress from weakly supervised models
leveraging narrations to more sophisticated ones that integrate language models, mul-
timodal alignment, and robust pseudo-labeling. However, most methods still rely on
extensive training, domain-specific fine-tuning, and access to the full video, assumptions
that limit their real-world applicability. To the best of our knowledge, BaGLM is the

55



4.3. On using Large Multimodal Models for Video Step Grounding

first training-free online solution that addresses these limitations.
Video-Language Alignment refers to the task of measuring the semantic con-

sistency between a video and its corresponding textual description. Early approaches
[38, 99] tackled this by relying on the cosine similarity between video frames and captions
within the embedding space of CLIP [90]. However, these methods are inherently limited
by the well-known shortcoming of CLIP, i.e., by its inability to effectively capture
temporal dynamics in text descriptions. As a result, recent works have shifted toward
leveraging LMMs [60, 127, 131, 53, 146] and adopting metrics such as VQAScore [61],
which are obtained from video question answering to better account for the temporal
dimension.

Building on these recent studies, we propose to employ an LMM to assess the
alignment between instructional steps and temporal video segments, requiring fine-
grained video understanding. VSG is particularly challenging because key steps in
instructional tasks often involve similar objects or scenes. For instance, “inserting a
screw” or “aligning parts” may look similar in tasks like “Assemble a chair” and “Fix a
table”, making them hard to distinguish without nuanced semantic understanding.

4.3 On using Large Multimodal Models for Video Step

Grounding

Large Multimodal Models are powerful pretrained models that have demonstrated
impressive zero-shot performance on a wide variety of tasks without further tuning. As
previous solutions for VSG are training-based, we wonder whether off-the-shelf LMMs
can address VSG. This section begins by providing a formal definition of the VSG
task, clearly distinguishing between its offline and online settings (Sec. 4.3.1). We then
present the findings of our preliminary empirical investigation into the use of LMMs for
addressing VSG, along with key insights gained from this study (Sec. 4.3.2).

4.3.1 Video Step Grounding

Given a video of a task composed of a series of actions, video step grounding aims to
detect which actions (or steps) appear in the video. Formally, let us denote the set
of steps composing a task as A = {ai}Ki=1, where each step ai ∈ A is expressed in the
natural language space T , and K is the number of steps. Moreover, let us denote with
V a video in the space V, split into T non-overlapping segments S = {St}Tt=1. VSG
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aims to identify which steps in A are shown in the video.
The offline setting of VSG, as addressed by previous works [58, 76], assumes access

to the whole video (i.e., the full set S) when performing the task. In this chapter, we
focus on online VSG, assuming a video stream where segments arrive one after the other,
and we perform the task having only access to the current segment and the segments
preceding it, i.e., S1:t = {S1, . . . ,St}. Thus, online VSG aims to predict whether a
segment St ∈ S depicts a step ai ∈ A, given only the previous video segments S1:t.
While we do not exploit this possibility, a model may also use the current segment to
update predictions on past ones, contrary to the single prediction of the offline setting.

4.3.2 Large Multimodal Models are strong baselines for VSG

Let us define a large multimodal model fLMM via three elements: the visual encoder fvid,
the text encoder ftxt, and a text decoder fdec. The encoders map their respective inputs
into a shared d-dimensional embedding space, i.e., fvid : V → Rd and ftxt : T → Rd.
The decoder maps the visual and textual inputs into a probability simplex ∆|W|, over
the LLM vocabulary W1, i.e., fdec : Rd × Rd → ∆|W|. The next token is sampled from
this probability vector.
Preliminary experiment. We propose to frame the problem of VSG as a multi-choice
question answering task where the LMM, prompted with the current video segment and
all possible steps, has to predict as answer either one of them or “none”. Formally, given
the current segment St, we prompt the LMM fLMM using information regarding the task
and step, obtaining the score for a step ai as:

fLMM(St, πVSG)[i] = fdec (fvid(St), ftxt(πVSG)) [i] (4.1)

where πVSG is the task prompt and fdec(·, ·)[i] denotes the probability that the next
predicted token is i (corresponding to step ai), normalizing the scores across the multi-
choice options. Note that, to account for no-step occurring, we include an additional
option “none of the above” (fdec(·, ·)[K + 1]). By normalizing the LMMs’ probabilities
over each choice, we map the segment into a probability simplex over the steps and the
“none” option, i.e., f VSG

LMM : V ×A → ∆K+1.
Datasets & metrics. We evaluate methods on three public datasets: CrossTask [155],
HT-Step [2], and Ego4D Goal-Step [102]. HT-Step is a benchmark for procedural step
grounding [2], where the goal is to align steps from an instructional article with an

1For simplicity, we omit the words’ tokenization, assuming text prompts and videos are encoded
equally.
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Figure 4.2: Comparison of VSG performance on HT-Step, CrossTask, and Ego4D
Goal-Step datasets, prompting LMMs with step options and video segments in an online
fashion. For reference, we also show the performance of the top two performing methods
from the state of the art (dark bars).

input how-to video. The dataset provides two types of test sets: one for seen activities
and another for unseen activities. The seen validation and test splits follow [76], each
containing 600 videos in total, with 5 videos per activity across 120 activities. We
evaluate with the validation set of seen classes, as the evaluation server hosting the test
sets for the seen and unseen classes is unavailable.

CrossTask is an established instructional video benchmark for zero-shot step local-
ization [155]. It contains about 4.8k instructional videos, covering 18 primary tasks and
65 related tasks. Only videos in the primary tasks are annotated as steps with temporal
segments from a predefined taxonomy. We follow the same evaluation set as indicated
in [58], using videos from primary tasks.

Ego4D Goal-Step [102], a subset of the Ego4D [32], includes 851 videos averaging 26
minutes in length. Unlike CrossTask and HT-Step, Ego4D videos are collected without
predefined tasks. Annotators label them hierarchically, first identifying goals (e.g .,
Makes the bread), then steps (e.g ., Prepares the bread), and finally substeps (e.g ., weigh
the dough). We evaluate on its validation split.

For both HT-Step and CrossTask, we follow the standard evaluation protocol [58, 17],
providing for each video the full set of steps for its task as multiple-choice options in the
prompt. On average, each task includes about 10 steps in HT-Step and 7.5 in CrossTask.
For Ego4D Goal-Step, we use step-level descriptions only (excluding substeps) and apply
text normalization with spaCy2: we lowercase, lemmatize (preserving plural nouns and
verbal adjectives), and normalize whitespace and punctuation. After preprocessing, the

2We use the model available at https://spacy.io/models/en#en_core_web_sm
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average number of steps per video is 17.
Following [58, 17], we report Recall@1 (R@1) on HT-Step and Ego4D Goal-Step,

measuring whether the top-scoring timestamp for each step falls within the ground-truth
interval. For CrossTask, we report Average Recall@1 (Avg.R@1), computed by averaging
per-task R@1 across all primary tasks.
Discussion. Fig. 4.2 shows the results on the three datasets, using four LMMs with
strong performance in video understanding benchmarks [88]: LLAVA-OneVision-Qwen2-
7B [54], Qwen2.5-VL-7B-Instruct [5], InternVL2.5-8B [19], and InternVL3-8B [154].
For reference, we also include the top two state-of-the-art methods on each dataset,
considering both in-domain ones, i.e., trained and evaluated on the same dataset (VINA
[76] and NaSVA [58] on HT-Step, VSLNet [149] on Ego4D Goal-Step) and out-of-domain
ones (i.e., NaSVA on CrossTask and Ego4D Goal-Step, MPTVA [17] on CrossTask).
Among the LMMs, InternVL2.5-8B scores the best performance on CrossTask and
Ego4D Goal-Step, outperforming MPTVA by 6.4% and NaSVA by 16.1%, respectively.
However, on HT-Step, NaSVA slightly surpasses InternVL2.5-8B (53.1 vs. 52.0). Overall,
the LMMs outperform prior methods on CrossTask and Ego4D Goal-Step, while showing
comparable performance on HT-Step.
Remarks. Considering the lack of task-specific tuning, these results demonstrate that
zero-shot LMMs perform surprisingly well on VSG, accessing only the current segment.
A natural question is whether we can (i) inject information from past segments into
LMM’s predictions, refining them, while (ii) maintaining the zero-shot, training-free
advantages of LMMs. In the following, we explore how we can achieve this by drawing
inspiration from Bayesian filtering principles.

4.4 Bayesian Grounding with Large Multimodal Mod-

els

In Sec. 4.3 we have shown that LMMs are effective at VSG without any task-specific
tuning. However, they act without memory of past knowledge, performing step prediction
by only looking at the current segment. Therefore, uncertain predictions (e.g ., due to
the segment acquisition) cannot benefit from past evidence (e.g ., step performed in the
previous segment), leading to potential model mistakes.

Formally, Eq. (4.1) provides an estimate for P (A = at|St), where A is a discrete
random variable taking values in the set A∪none with none denoting any action outside
the set of steps. Differently, we would like to perform step prediction conditioned on all
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Gather your ingredients.

Grab a frying pan.

Serve it up.

Prep your egg mixture.

Dip the steak.

LLM Transition

Model

Figure 4.3: Overview of BaGLM. Given a sequence of steps, an LLM is used to
estimate a dependency matrix among them. This matrix is used to compute step
transition probabilities employed during the predict step of a Bayesian filter. As the
video progresses, the transition model is updated using estimates of each step’s progress
from an LMM. The update step of the filter merges this with the predictions from the
LMM, refining the output.

previous segments, estimating P (A = at|S[1:t]), without the need of storing the whole
history. Inspired by Bayesian filtering, a probabilistic technique addressing sequence
modeling from past observations [18], we propose Bayesian Grounding with Large
Multimodal Models (BaGLM). BaGLM (Fig. 4.3) estimates the transition probabilities
across steps through the step dependencies estimated by an LLM, to refine LMMs’
predictions.

In the following, we will first present the generic formulation of Bayesian filtering in
Sec. 4.4.1, and how we revisit the predict (Sec. 4.4.2) and update (Sec. 4.4.3) steps for
VSG using LMMs and LLMs.

4.4.1 Bayesian filtering

Let x be a state of a process, Xt be its corresponding random variable at time t, and zi

be the observation at time i ≤ t. The goal of Bayesian filtering [18] is to compute the
posterior:

belt(x) = P (Xt = x|z1, · · · , zt),

via two essential steps: the predict step first computes a prior over the possible
predictions using past estimations; the update step then estimates the prior with the
current observations. In the following, we will denote z1:t = {z1, · · · , zt} for simplicity.
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Using the chain rule, we can write the posterior as:

belt(x) = P (Xt = x|z1:t) =
1

P (zt|z1:t−1)
· P (zt|Xt = x, z1:t−1) · P (Xt = x|z1:t−1), (4.2)

where the first term is a normalization factor, the second is the likelihood of the current
observation given the past ones and the current state, and the last is the prior over the
states from the observations.

To further simplify Eq. (4.2), we consider two assumptions: (i) we have a hidden
Markov observation model, and thus P (zt|Xt = x, z1:t−1) = P (zt|Xt = x); (ii) we have
an initial prior over the states independent from the first observation, i.e., P (X0 =

x|z1) = P (X0 = x).
Adding the first assumption to the second term and using the Chapman-Kolmogorov

equation on P (Xt = x|z1:t−1), we obtain:

belt(x) =

update product︷ ︸︸ ︷
1

P (zt|z1:t−1)︸ ︷︷ ︸
normalization factor

· P (zt|Xt = x)︸ ︷︷ ︸
likelihood

·

predict step︷ ︸︸ ︷∑
xi∈X

P (Xt = x|Xt−1 = xi)︸ ︷︷ ︸
transition model

· belt−1(xi)︸ ︷︷ ︸
accumulated belief

,

(4.3)

where X is the set of possible states. The second term corresponds to the predict
step, computing an estimate of the current state using the prior belief. The transition
model describes the likelihood of a state given the previous one, while accumulated belief
denotes the likelihood of the previous state as recursively accumulated via Eq. (4.3). The
first term refers to the update step, where the predicted state probability is multiplied
by the likelihood and normalization factor to obtain the final estimate.

A Bayesian filtering view on VSG. To adapt Eq. (4.3) to VSG we must define
our states and observations. The state is what we want to estimate, i.e., the step a in
the current segment. The observation is the input we receive from the environment: the
segment S itself. Thus, we obtain the update step as:

belt(a) = P (At = a|S1:t) =
P (St|At = a,S1:t−1)

P (St|S1:t−1)
·
∑
ai∈A

P (At = a|At−1 = ai) · belt−1(ai),

(4.4)
where Aj is a random variable over the possible steps for the jth segment. We keep the
original model’s assumptions: an initial prior over steps independent of the first segment,
and conditional independence of the current segment given the step (which holds for
step-level semantics). In the following, we detail the implementation of each component
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in Eq. (4.4).

4.4.2 PREDICT: modeling dependencies among steps via lan-

guage and progress priors

A peculiarity of VSG is that actions depend on each other: these dependencies provide
priors on the actions performed in future segments, allowing us to build a transition
model, needed in Eq. (4.4). We exploit the internal knowledge of an LLM to estimate
such dependencies. Specifically, we query the LLM to identify when a step must be
completed before another can occur (i.e., is a prerequisite). As the dependency might
be ambiguous, we instruct the LLM to estimate a probability rather than a binary
score, resulting in a matrix D ∈ RK×K , where each entry Di,j is the probability that
step aj is a prerequisite of step ai. We initialize the transition matrix as T = D⊤,
allowing for self-transitions (i.e., Ti,i = 1), and transitions from all steps to those with
no prerequisites (i.e., Ti,j = 1 if

∑K
j=1Ti,j = 0), normalizing T across rows.

Modeling the action progress. The transition matrix T is static and purely
based on the task description, without reflecting how the likelihood of a step evolves
during the video. For example, if boil water is a prerequisite for cook pasta and boil
water has not yet finished, the video cannot transition to cook pasta. Instead, it is
more likely to continue showing boil water or switch to a parallel steps like prepare the
sauce. Conversely, once cook pasta is completed, it becomes unlikely that the video will
return to an earlier step as boil water. We therefore adjust T accounting for both step
dependencies and the estimated step progress, introducing two scores: readiness and
validity. Intuitively, a step is ready when its prerequisites are sufficiently complete, while
a step is a valid candidate for a segment if its successors have not yet been completed
[97].

To achieve this, we query the LMM to infer the execution progress of each step within
a video segment. Given a segment S and the prompt πprog, we define the estimated
progress for step ai as:

progresst[i] =
9∑

j=0

j · fLMM(St, πprog)[j],

where fLMM(St, πprog)[j] denotes the model’s output probabilities over the vocabulary. We
treat the model’s probability distribution over the tokens {0, 1, . . . , 9}, as the distribution
over progress levels. From the latter and D, we can compute whether an action is ready
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to be performed.

Step readiness. For each step ai, we compute readiness as the weighted maximum
progress of its prerequisite steps, i.e.,

rt[i] =

∑K
j=1Di,j ·maxτ<t progressτ [j]∑K

j=1Di,j

, (4.5)

where we measure the progress of a step as its maximum value across all preceding
segments (i.e., τ < t), performing a weighted average across all steps. With Eq. (4.5),
we get high values in case all predecessors of an action have a high progress, and low
otherwise.

Step validity. Contrary to the readiness, the step validity is given by:

vt[i] =

∑K
j=1Dj,i · (1−maxτ<t progressτ [j])∑K

j=1Dj,i

. (4.6)

This value is high when no successors of ai in D have been executed yet, and low
otherwise. Finally, we adjust the transition matrix T by accounting for readiness and
validity of each step, i.e.,

T̃t[i, j] =
T[i, j] · rt[j] · vt[j]∑K

k=1T[i, k] · rt[k] · vt[k]
. (4.7)

Predict step. Exploiting the transition model of Eq. (4.7), the predict step of
Eq. (4.4) becomes:

predictt(ai) =
∑
aj∈A

T̃t[j, i] · belt−1(aj). (4.8)

4.4.3 UPDATE: using LMM estimates to re-weigh the belief

over steps

In the update step, we multiply the step prior for the observation likelihood P (St|At = a)

and a normalization factor independent from the steps. However, due the cardinality
of V, computing P (St|at,St) is intractable. On the other hand, we follow Eq. (4.1),
estimating (St|At = a) directly from the LMM. Formally, we use the Bayes rule and
write:

P (St|At = ai) =
P (St)

P (At = a)
· P (At = ai|St) =

P (St)

P (At = ai)
· fLMM(St, πVSG)[i], (4.9)
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where P (St) is a prior on the segments independent from the steps, P (At = ai) is a
prior over the steps independent from the observation. We replace P (At = a|St) with
the LMM prediction. While for P (At = ai) there are various possible choices, in our
approach, we consider the prior to be uniform.

Final filtering model. Considering the uniform prior over the states and merging
Eq. (4.8) into Eq. (4.9), we obtain the final belief belt(ai) for step ai and segment St as:

belt(ai) =
1

Z
· fLMM(St, πVSG)[i]Z ·

∑
aj∈A

T̃t[j, i] · belt−1(aj), (4.10)

where Z is a normalization factor containing all elements independent of the specific
step ai.

4.5 Experiments

In this section, we describe our experimental protocol and present the comparison w.r.t.
the state of the art (Sec. 4.5.1). We then provide a qualitative analysis of BaGLM

to demonstrate its robustness against visual ambiguity and overlapping steps. Finally,
we perform a detailed study on BaGLM (Sec. 4.5.2). We use the same datasets and
metrics described in Sec. 4.3 in our experiments.

Implementation details. Our method is implemented considering InternVL2.5-8B
[19] as our LMM, based on the results of Sec. 4.3. We employ LLaMA3-70B-Instruct
[31] as our LLM of choice to derive our transition model. To test our model, we split
videos into sequences of non-overlapping 2-second segments, providing them as input to
the LMM one after the other. We ran all experiments on a single NVIDIA H100 64GB
GPU, except for LLaMA3-70B-Instruct [31], which required 4 H100 GPUs.

Baselines. We compare our method with several state-of-the-art approaches for VSG:
Zhukov et al. [155], HT100M [80], VideoCLIP [134], MCN [13], DWSA [98], MIL-
NCE [79], VT-TWINS [51], UniVL [71], VINA [76], TAN* [34, 2], NaSVA [58], and
MPTVA [17]. We also implement an online variant of NaSVA [58], which introduces
causal masking in the transformer encoder’s self-attention layers to restrict attention
to past segments only. Reported results are taken from the original papers, except for
NaSVA on HT-Step and Ego4D Goal-Step, and VSLNet [149] on Ego4D Goal-Step,
where we use the authors’ released code. These are marked with † in the tables.

All baselines are training-based and offline, except for our online variant of NaSVA,
and use HowTo100M [80] as training set or pre-training, except for VSLNet (trained on
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Figure 4.4: Ablation study on varying the segment duration and on the used LMM.

Ego4D Goal-Step), for Zhukov et al. [155] and DSWA [98] (trained on CrossTask) and
for MPTVA [17] (trained on a subset of HowTo100M). For CrossTask, VideoCLIP [134]
and UniVL [71] perform a further fine-tuning step on CrossTask data.

4.5.1 Comparison with state-of-the-art methods

Tab. 4.1a and Tab. 4.1b report the results of our evaluation in the three considered
datasets. Overall, BaGLM, built on top of InternVL2.5-8B, outperforms all offline
methods that rely on noisy supervision from narrations without manual annotations.
Notably, it outperforms the current state-of-the-art method, NaSVA, by 4.3% on HT-
Step, which consists of videos from HowTo100M, the same dataset used for NaSVA’s
self-training. The improvements of BaGLM over NaSVA are especially significant on
CrossTask and Ego4D Goal-Step, with gains of 13.1% and 14.2%, respectively. The
margins in CrossTask are remarkable as there exist methods (i.e., VideoCLIP, UniVL)
that are specifically fine-tuned for this domain. The same applies to Ego4D Goal-Step.
This dataset is particularly challenging for models trained on HowTo100M due to the
distribution shift introduced by its egocentric videos. On this dataset, BaGLM also
outperforms VSLNet by a significant margin (+19%), despite VSLNet being trained on
data from the same domain. Notably, all these results have been achieved in an online
setting, with all competitors having access to the whole video, contrary to BaGLM.
When evaluated under the same online setting, NaSVA’s performance drops to 46.1
R@1 on HT-Step and 24.2 on Ego4D Goal-Step (-7% and -4.9% compared to its offline
variant), remaining well below BaGLM (-11.3% and -19.1%). These results further
highlight the effectiveness of our approach in the challenging online scenario.
Qualitative results. Fig. 4.5 showcases qualitative results produced by BaGLM on
test videos from HT-Step (Make Milanesa) and CrossTask (Make a Latte). For each
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Table 4.1: Comparison between state-of-the-art offline methods and our online method
BaGLM.

(a) HT-Step and Ego4D Goal-Step

HT-Step Ego4D Goal-Step
Method ↑ R@1 ↑ R@1

Offline
VSLNet [149] - 24.3†
TAN* [34] 30.7 -
VINA [76] 39.1 -
NaSVA [58] 53.1† 29.1†

Online
NaSVA [58] 46.1† 24.2†
BaGLM 57.4 43.3

(b) CrossTask

Method ↑ Avg. R@1

Offline
Zhukov et al. [155] 22.4
HT100M [80] 33.6
VideoCLIP [134] 33.9
MCN [13] 35.1
DWSA [98] 35.3
MIL-NCE [79] 40.5
VT-TWINS [51] 40.7
UniVL [71] 42.0
VINA [76] 44.8
NaSVA [58] 46.7
MPTVA [17] 47.9

Online
BaGLM 59.8

Table 4.2: Ablation study on the transition
model.

Readiness Validity HT-Step CrossTask Ego4D

55.9 58.0 42.1
✓ 57.0 58.8 42.0

✓ 56.4 58.8 43.1
✓ ✓ 57.4 59.8 43.3

Table 4.3: Ablation study on varying
the LLM.

Dataset LLaMA-3.3-70B GPT-4.1-mini

HT-Step 57.4 57.1
CrossTask 59.8 60.9
Ego4D 43.3 40.6

video, we plot ground truth boundaries alongside predictions from the off-the-shelf LMM
and our method.

These results illustrate how BaGLM addresses scenarios where procedural steps
are visually ambiguous or temporally overlapping. By leveraging Bayesian filtering, the
model maintains a continuous belief distribution (belt) over all possible steps rather
than forcing a hard binary choice. In the Make Milanesa video, the off-the-shelf LMM
incorrectly assigns a high probability to Dip the steak at the start and Prep your egg
mixture around 00:20 due to deceptive visual cues in those specific frames. In contrast,
BaGLM manages this ambiguity by injecting temporal priors through the predict step
of the filter (as per Eq. (4.8)). This occurs because the Bayesian filter does not process
frames in isolation. It maintains a temporal memory of the task’s progress, utilizing the
transition model to recognize that an active step, such as dipping the steak, is likely to
be ongoing despite momentary visual fluctuations.

This mechanism is particularly beneficial in the Make a Latte video for distinguishing
visually similar actions like pour milk and pour espresso. For example, around the
1-minute mark, the model sees a liquid being poured. Because these actions look
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Table 4.4: Results with oracle dependencies and step progress.

Progress Oracle Dep. Matrix Oracle HT-Step CrossTask Ego4D

57.4 59.8 43.3
✓ 44.9 38.6 36.0

✓ 54.6 58.3 45.2
✓ ✓ 62.6 66.9 82.2

visually similar in a short segment, the off-the-shelf LMM fluctuates between both steps.
However, BaGLM is more certain that the action is pour milk because it accounts for
the logical progress of the task and the previously observed steps. By resolving this
visual confusion through the probabilistic recursive update of the filter, the framework
maintains high precision and temporal consistency even in challenging causal, online
settings.

4.5.2 Ablation studies

In this section, we analyze the key components of BaGLM, evaluating different configu-
rations of the transition model, different LLMs for generating the dependency matrix,
and experiments with oracle step dependencies and progress.

Transition Model. The transition model estimates the conditional probability of
moving from one step to the next and is used in the predict step of Bayesian filtering,
as per Eq. (4.8). We first evaluate a static transition matrix, initialized from the
dependency matrix. We then study the effect of including the readiness score (i.e., if
prerequisites are not completed, Eq. (4.5)), the validity one (i.e., if the step should not
be re-executed, Eq. (4.6)), and both. As shown in Tab. 4.2, readiness improves the static
model by 1.1% and 0.8% on two datasets and performs similarly to the static model on
the third (-0.1%). Thus, accounting for the dependency matrix (and if prerequisites are
met) tends to improve performance by reducing the score of non-executable actions.

Validity improves the static model by +0.5%, +0.8%, and +1.0% across the three
datasets. By considering the status of actions that occur at a later time, it influences
the predictions of their prerequisites (e.g ., turn on the stove) and prevents them from
being repeated unnecessarily.

The best results come from combining both, improving performance by 1.5%, 1.8%,
and 1.2%. This highlights the benefit of including both types of estimated priors when
updating the transition model.

Choice of LLMs. Tab. 4.3 analyzes how BaGLM is affected by the LLM used to
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generate dependencies between steps. We compare LLaMA-3.3-70B-Instruct [31] and
GPT-4.1-mini [84]. The two models achieve comparable overall performance: LLaMA-
3.3-70B performs better on HT-Step (+0.3%) and Ego4D GoalStep (+2.7%) but worse on
CrossTask (-1.1%). This trend suggests that LLaMA-3.3-70B performs better on datasets
with more generic step descriptions, whereas proprietary models like GPT-4.1-mini are
more effective at capturing dependencies among more atomic actions.

LMMs and segment duration. In Fig. 4.4, we show how BaGLM’s performance
varies w.r.t. the segment duration (from 1 to 4 seconds), considering different LMMs:
InternVL2.5 8B [19], InternVL3 8B [154], LLaVA-OneVision 7B [54], and Qwen2.5 7B [5].

From the figure, we can see three trends. First, BaGLM consistently improves the
performance of the underlying LMM it is applied to across all segment durations on both
HT-Step and CrossTask, with gains becoming more pronounced as segment duration
increases. This is related to the second trend, the impact of the segment duration.
Segments that are too short may lack sufficient visual cues to evaluate the video-step
alignment or the progress, while longer ones may span over multiple actions, making
it harder to localize steps precisely. Using 2-second segments offers the best trade-off,
improving performance by +1.9%, +1.6%, +0.3%, and +2.3% across the three datasets
compared to 1-second segments.

Third, BaGLM does not provide clear advantages on Ego4D Goal-Step (i.e., -1.9%,
-0.8%, -3%, and +0.3%). This can be attributed to challenges specific to this dataset.
Ego4D Goal-Step videos are significantly longer on average (28 minutes vs. 6 minutes
and less than 5 minutes for HT-Step and CrossTask, respectively) and contain coarser
step annotations (53 seconds per segment on average vs. 16 seconds and 10.7 seconds
for HT-Step and CrossTask, respectively). These longer videos and broader annotations
result in more generic step descriptions, which in turn make it harder to infer accurate
dependencies between steps and to estimate progress, as we will analyze in the following.

Use of annotated step boundaries from datasets. Given the different impact
of BaGLM across datasets, we analyze the performance of the Bayesian filtering
formulation without potential noise from the dependency matrix and/or the estimation
of step progresses. With this aim, we conduct an analysis similar to Tab. 4.2, this time
using step dependencies and action progress derived directly from the original datasets.
For each video, we construct a chain of steps based on its ground truth temporal order.
Note that while these dependencies reflect the observed execution order, they are not
true semantic constraints, as the same steps may occur in different orders in other videos.
Progress is computed as the normalized fraction of completion between a step’s start
and end timestamps.
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Results of this oracle experiment are presented in Tab. 4.4, showing consistent gains
across all datasets (e.g ., +5.2% on HT-Step), even the challenging Ego4D Goal-Step
(i.e., +38.9% ). This confirms that the Bayesian filtering formulation is effective, and
that jointly improving the elements used to estimate the transition matrix (i.e., progress,
dependency) would further boost the results of BaGLM.

4.6 Chapter Summary

In this chapter, we introduced BaGLM, a novel training-free approach for online video
step grounding. BaGLM uses Bayesian filtering to integrate information from past
video frames into LMM predictions. It consists of two key components: a transition
model, initialized from step dependency matrices generated by LLMs and updated
over time using action progress and dependency constraints; and an observation model,
implemented as an LMM, which refines predictions as the video unfolds. We evaluated
BaGLM on HT-Step, CrossTask, and Ego4D Goal-Step, showing that it outperforms
training-based methods without requiring additional training or data collection.

The results obtained with BaGLM show that training-free video understanding can
be extended to online settings through Bayesian filtering. However, the performance
of the proposed framework depends on the reliability of the estimates produced by
language models when conditioned on video. In particular, inconsistencies in these
estimates directly affect the quality of the observations provided to the Bayesian filter
and propagate to downstream inference by influencing subsequent belief updates. This
observation motivates a deeper investigation into how language models can be better
calibrated to produce reliable estimates over video, which is the focus of the next chapter.
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Figure 4.5: Qualitative results of BaGLM on test videos from HT-Step (Make Milanesa)
and CrossTask (Make a Latte). Ground truth step boundaries and predicted step
probabilities per segment are shown for both BaGLM and the off-the-shelf LMM.
Arrows point to the timestamps of selected keyframes.
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Chapter 5

Can Text-to-Video Generation help
Video-Language Alignment?

The effectiveness of the zero-shot and training-free methods presented in the previous
chapters ultimately depends on the reliability of the estimates produced by Large
Multimodal Models (LMMs) when operating on video. In practice, these estimates can
become inconsistent in the presence of complex or subtle temporal dynamics, directly
affecting downstream inference, particularly in online settings. In this final research
chapter, we explore synthetic data as a scalable means of improving the temporal
understanding of these models. Specifically, we investigate whether synthetic videos
generated by text-to-video models can be used to improve the reliability of the language
model estimates within LMMs over video, without human annotation.

5.1 Introduction

Video-language alignment (VLA) aims to model the relationship between video content
and natural language descriptions [134], a fundamental multimodal task that enables
various applications, such as video captioning [27] and video-text retrieval [116]. This
task is challenging because it requires the models to recognize not only the entities but
also their spatial and temporal relationships.

Recent approaches exploit Large Multimodal Models (LMMs) to address VLA
[7, 60, 61] by tasking the LMM to answer whether a given video and description are
aligned. While effective, such LMMs often lack sufficient understanding of temporal
dynamics, such as action types or temporal orders [66, 21]. This limitation also stems
from the video-and-language datasets used for the LMM pre-training, as they are biased
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Figure 5.1: We study the problem of video-language alignment, i.e., modeling the
relationship between video content and text descriptions. Top: current methods use
LLM-generated negative captions, which may introduce certain concepts (e.g ., wearing
a sombrero) only as negatives, as they are not associated with any video. Bottom: we
study whether overcoming this issue by pairing negative captions with generated videos
can improve VLA.

towards frame-level semantics: the appearance of a single frame is often sufficient to
infer the alignment with the textual caption [52, 81].

While a possible solution is to augment datasets with negative captions, e.g ., captions
from other videos, these negatives can be “easy” for VLA models to distinguish simply
by focusing on nouns; therefore, recent works focus on LLM-generated captions as hard
negatives [7]. However, relying solely on textual negatives may cause the LMM to
encounter concepts only as negatives, thus developing incorrect linguistic biases. For
instance, in the VideoCon dataset [7], words like sombrero, marshmallow, and bland
appear as textual negatives but not as positives. While a remedy is to augment the
training set with videos corresponding to the hard negative captions, retrieving such
videos from existing databases is not a feasible solution as they lack sufficient videos
that vary only w.r.t. actions or temporal order while remaining similar in all the other
semantic aspects [81]. An alternative pathway is generating synthetic videos by feeding
hard negative captions to text-to-video generative models [138, 121, 14, 78]. While this
idea has been investigated in the image domain [86], it remains largely unexplored for
videos.
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In this chapter, we aim to fill this gap and investigate, for the first time, the use of
synthetic videos to improve VLA in temporal understanding. Specifically, we propose
to leverage negative captions generated by existing models [7] and recent open-source
text-to-video generators [138, 121, 14] to produce the corresponding synthetic videos
(see Fig. 5.1). We first conduct a preliminary study to evaluate whether these generated
videos can augment the training set of real videos and enhance performance on various
video-related tasks. Our analysis shows that, while adding synthetic videos shows
some promise, it does not consistently improve performance on temporally challenging
downstream tasks, regardless of the generator. We also analyze the effects of different
misalignment types (i.e., semantically plausible changes in the video captions) on the
generated videos. We notice that videos generated by, e.g ., introducing hallucination
into the captions or reversing event order, align more with positive captions than with
their target captions. Such noisy supervision signals may lead to ineffective learning,
limiting improvements on downstream tasks.

Motivated by these preliminary findings, we argue that, when using synthetic videos
for VLA we should account for (i) potential semantic inconsistency between input text
and the generated videos and (ii) appearance biases, as synthetic videos may contain
artifacts. We design Synthetic videos for Video-Text Alignment (SynViTA), a
model-agnostic method that can effectively tackle both challenges. SynViTA addresses
the semantic inconsistency problem by making the contribution of each synthetic video
in the training objective proportional to their video-text alignment estimates [61].
Moreover, it accounts for appearance biases via a semantic regularization objective that
(i) takes the common parts between the original and negative caption; (ii) encourages
the model to focus on semantic changes rather than on the visual appearance difference
between synthetic and real videos. We evaluate SynViTA on the VideoCon [7] test sets
with different LMMs [140, 59], and on temporally challenging downstream tasks, i.e.,
text-to-video retrieval on SSv2-Temporal [96] and SSv2-Events [4] and video question
answering on ATP-Hard [10]. On average, SynViTA improves over state-of-the-art
methods that do not use synthetic videos, demonstrating that synthetic videos can help
VLA.
Contributions. To summarize, our contributions are:

• We pioneer the research problem in how to effectively leverage synthetic videos for
VLA learning to improve temporal understanding;

• We conduct extensive analysis, shedding light on the potential benefits and lim-
itations of using videos generated by state-of-the-art text-to-video generative
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models;

• We propose a new learning method for VLA with synthetic videos, SynViTA, with
a sample weighting strategy to mitigate noisy generations and a regularization
term to enforce semantic understanding, instead of visual differences between
synthetic and real videos.

• We evaluate SynViTA on different benchmarks with different LMMs, proving its
model-agnostic effectiveness in aiding VLA for better temporal understanding.

5.2 Related Work

Video-language models for video understanding. Recent approaches for video
understanding exploit the capabilities of foundation models. For instance, several
works adapted CLIP [90], a model trained to compare images and texts, for video-
language tasks, such as retrieval [26], captioning [72] or anomaly detection [145]. Other
studies leveraged LLMs for reasoning over video captions [147, 123] or directly decode
video features in natural language [133, 148, 59]. While these models heavily rely
on pre-training on large-scale video-text pairs [134, 133], they still lack robustness in
modeling temporal dynamics [66, 21]. Previous works addressed this by, e.g ., using
LLMs to generate hard negatives [81], reversing the action sequence [4], or finer-grained
objectives [122].

The closest work to ours is VideoCon [7], which finetunes an LMM using temporally
challenging hard textual negatives. However, our focus is different, as we explore whether
generated videos can improve video-text alignment, complementing negative captions.
Video-language alignment evaluation. A main challenge in VLA is quantifying the
semantic alignment between text and video frames. Early attempts used metrics based
on the CLIPScore [38, 99, 93], which computes video-text alignment by measuring the
similarity between video frames and their captions in the CLIP embedding space [90].
However, as VLMs struggle with temporal changes in captions [141, 81, 4, 122], recent
approaches have started measuring video-text alignment using LMMs for video question
answering [7, 60, 127, 53, 131], such as the VQAScore in [61].

In this chapter, we use these models to evaluate the quality of the alignment and
for the new objective of evaluating how much a synthetic video aligns with its textual
counterpart.
Using synthetic visual data as training data. Recent works showed how augmenting
training sets with synthetically generated images can improve the performance of
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discriminative models [109, 87, 153, 36]. Diffusion models, known for their ability
to generate highly realistic images and for their flexibility in dealing with different
conditioning signals (text, depth, etc.), have significantly fostered this research trend [20].
While most works focused on image recognition tasks [109, 153, 86], recent approaches
explored more challenging tasks such as few-shot recognition [36, 92] or out-of-distribution
detection [24].

Our work follows a similar underlying idea and is motivated by recent advances in
text-to-video generation [138, 121, 14, 78]. However, we are the first to explore synthetic
videos for improving video understanding models.

5.3 Video-Language Alignment

Video-language alignment aims to rate how well the content of a video matches a
given text in natural language. Formally, let us define t as the given textual input
in the language space T , and V as a video in the space V. The goal is to learn a
function f parameterized by θ, mapping videos and texts to their alignment scores, i.e.,
f : V × T → [0, 1], where 1 means high alignment and 0 the opposite.

Given the fine-grained nature of language, this task requires video-language models
with compositional and temporal order understanding and recent approaches use LMMs
for this task, where an LLM is used as decoder [7, 61]. Formally, let us define an
LLM-based video-language model f via three functions: the visual encoder fvid, the
text encoder ftxt, and a decoder fdec. The two encoders map their respective inputs
into a shared d-dimensional embedding space, i.e., fvid : V → Rd and ftxt : T → Rd.
The decoder maps the visual and textual inputs into a vector in the probability simplex
∆|W| defined over the LLM vocabulary1 W , i.e., fdec : Rd×Rd → ∆|W|. This probability
vector is then used to sample the next token for the generative process.

Within this formulation, the alignment task becomes the probability of predicting
Yes or No as the next word after the question πq = Does this video entail the

description [t]?, where [t] is the target caption. Formally, this translates as f being:

f(V, t) =
PW(Yes|V, t)

PW(Yes|V, t) + PW(No|V, t)
(5.1)

where PW(w|V, t) = f
[w]
dec (fvid(V), ftxt(πq ◦ t)), with πq the shared question, ◦ string

1For simplicity, we omit the words’ tokenization and we assume textual prompts and videos to be
treated equally and encoded in the same space.
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Table 5.1: Results of the preliminary study on using synthetic videos generated by
different text-to-video models. Increases (↑) and decreases (↓) are measured relative to
the model fine-tuned without synthetic videos (i.e., None). * indicates our reproduced
results using the mPLUG-Owl 7B model checkpoint released in the original VideoCon
repository.

Text-to-Video Video-Language Entailment (VideoCon) Text-to-Video Retrieval Video QA
Generator LLM Human Human-Hard SSv2-Temporal SSv2-Events ATP-Hard

None* [7] 88.39 77.16 74.76 13.00 10.37 35.46
CogVideoX [138] 83.93 (↓ 4.46) 76.89 (↓ 0.27) 75.10 (↑ 0.34) 11.76 (↓ 1.24) 8.79 (↓ 1.58) 35.30 (↓ 0.16)

LaVie [121] 85.26 (↓ 3.13) 76.96 (↓ 0.20) 74.63 (↓ 0.13) 14.26 (↑ 1.26) 10.80 (↑ 0.43) 34.82 (↓ 0.64)
VideoCrafter2 [14] 85.82 (↓ 2.57) 77.33 (↑ 0.17) 75.15 (↑ 0.39) 13.80 (↑ 0.80) 10.27 (↓ 0.10) 35.79 (↑ 0.33)

Table 5.2: Average results of the preliminary study on using synthetic videos generated
by different text-to-video models, for each type of misalignment. Increases (↑) and
decreases (↓) are measured relative to the model fine-tuned without synthetic videos (i.e.,
None). * indicates our reproduced results using the mPLUG-Owl 7B model checkpoint
released in the original VideoCon repository.

Misalignment Video-Language Entailment (VideoCon) Text-to-Video Retrieval Video QA
LLM Human Human-Hard SSv2-Temporal SSv2-Events ATP-Hard

None* [7] 88.39 77.16 74.76 13.00 10.37 35.46
Action 86.10 (↓ 2.29) 77.43 (↑ 0.27) 74.83 (↑ 0.07) 15.04 (↑ 2.04) 10.66 (↑ 0.29) 36.28 (↑ 0.82)

Attribute 86.51 (↓ 1.88) 77.61 (↑ 0.45) 75.50 (↑ 0.74) 13.67 (↑ 0.67) 11.47 (↑ 1.10) 35.25 (↓ 0.21)
Count 86.10 (↓ 2.29) 77.66 (↑ 0.50) 75.27 (↑ 0.51) 14.27 (↑ 1.27) 10.97 (↑ 0.60) 36.16 (↑ 0.70)
Flip 85.69 (↓ 2.70) 76.04 (↓ 1.12) 73.53 (↓ 1.23) 14.94 (↑ 1.94) 10.73 (↑ 0.36) 36.06 (↑ 0.60)

Hallucination 85.46 (↓ 2.93) 76.55 (↓ 0.61) 74.77 (↑ 0.01) 13.89 (↑ 0.89) 10.14 (↓ 0.23) 36.37 (↑ 0.91)
Object 86.28 (↓ 2.11) 77.36 (↑ 0.20) 74.15 (↓ 0.61) 14.54 (↑ 1.54) 11.54 (↑ 1.17) 35.48 (↑ 0.02)

Relation 86.22 (↓ 2.17) 77.46 (↑ 0.30) 74.59 (↓ 0.17) 14.99 (↑ 1.99) 11.38 (↑ 1.01) 34.65 (↓ 0.81)

concatenation, and f
[w]
dec the likelihood of the word w ∈ W from the decoder’s output.

VLA learning. Usually, the parameters θ of f are updated using a dataset D of n
video-language triplets D = {(V1, t

+
1 , t

−
1 ), · · · , (Vn, t

+
n , t

−
n )}, where t+i and t−i are the

positive and negative text captions for the video Vi, i.e., captions that respectively
represent (t+i ) and do not represent (t−i ) the video content. Exploiting the probability
distribution, output of fdec, we can define the following objective:

Lreal = −
n∑

i=1

log f(Vi, t
+
i ) + log

(
1− f(Vi, t

−
i )
)
. (5.2)

This loss function forces f to sample Yes with a higher probability if the text represents
the video and No otherwise.
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Figure 5.2: Distribution of the difference between f̄(Vs, ts) and f̄(Vs, tr) for each
misalignment type, averaged over three text-to-video generators. Misalignment types
that result in negative differences (i.e., Flip and Hallucination) are highlighted in red.
Best viewed in color.

5.4 Can Synthetic Videos help VLA?

The main loss function in VLA learning, as expressed in Eq. (5.2), considers as negative
only textual inputs for a given “anchor” video. For each positive caption t+i , there is no
negative video example associated with t−i . As such, linguistic biases might be induced
in the LMM because some concepts appear only as textual negatives. Thus, we wonder:
Can generated videos of negative captions help learning a VLA function? To answer this
question, we consider different text-to-video generator models and use them to generate
synthetic videos associated to negative captions.
VLA learning with generated videos. Formally, a text-to-video generator G maps
natural language expressions in T and noise in the space N to videos, i.e., G : T ×N → V .
For simplicity, we define tr = t+ (i.e., text positively associated with the real video) and
ts = t− (i.e., negative text for the real video, positively associated with the synthetic
one). We propose to use the generator to define an objective over the dataset D:

Lsyn = −
n∑

i=1

log f (Vs
i , t

s
i ) + log (1− f (Vs

i , t
r
i )) (5.3)

where Vs
i = G(tsi , ηi), with ηi ∼ N being the sampled noise. The negative text tsi is the

input text to the generator, thus serving as the positive for the synthetic video, while
the positive text tri for the real video Vr

i serves as negative for the generated video.
Experimental analysis. To better understand the potential of synthetic videos, we
first conduct a preliminary experimental analysis and leverage three state-of-the-art
open-source video generators, i.e., CogVideoX [138], LaVie [121], and VideoCrafter2
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[14], to generate synthetic videos for each negative caption in the VideoCon dataset [7].
We augment the dataset with these generated videos and fine-tune an LMM, mPLUG-
Owl 7B [140], using the objective functions defined in Eq. (5.2) and Eq. (5.3) for real
and synthetic videos, respectively. We measure the performance with the VLA scores
estimated from Eq. (5.1), following the established evaluation protocol [7] across multiple
tasks and datasets. Specifically, we consider video-language entailment on the VideoCon
dataset, text-to-video retrieval on SSv2-Temporal [96] and SSv2-Events [4] datasets,
and video question answering (VQA) on the ATP-Hard dataset [10]. The evaluation
metrics include the area under the receiver operating characteristic curve (AUC ROC)
on video-language entailment, mean average precision (mAP) on text-to-video retrieval,
and accuracy on VQA.

We report the results in Tab. 5.1, including baseline performance without synthetic
video data (None). From the table, it is clear that synthetic videos harm the performance
on the task closest to the training set (i.e., average drop higher than 3% AUC on
VideoCon LLM). One core reason for this drop is the distribution of the negatives being
more similar to the one of the training set. Thus performance may decrease when a
model sees them as positives. On the other hand, the results on downstream tasks
suggest that synthetic videos hold promise. For instance, VideoCrafter2 improves the
result of the baseline in 4/6 settings, while LaVie boosts performance on SSv2-Temporal
(i.e., +1.26 mAP). However, even with state-of-the-art video generators, not all of them
guarantee improvements, and no single generator consistently outperforms the others
across the tested downstream tasks. This can be seen with CogVideoX, which provides
slight improvements on one of the tasks (i.e., entailment on Human-Hard) while harming
the representations on the others (e.g ., -1.58 mAP on SSv2-Events).

Are some negative captions challenging? The VideoCon dataset [7] includes
negative captions that differ from positive ones by specific types of misalignment,
including modifications in actions, attributes, objects, relations, counts, event orders
(flipping), and adding hallucinations. Therefore, we also analyze whether certain types of
captions are particularly challenging for the generators to produce corresponding videos.
We achieve this by fine-tuning mPLUG-Owl 7B with synthetic videos specific to each
misalignment type. The results averaged over the three video generators are reported in
Tab. 5.2. As shown in the table, different types of misalignment have different impacts
on the downstream tasks. For instance, Action is the misalignment that results in
the largest overall improvement (e.g ., +2.04 mAP on SSv2-Temporal, +0.82% accuracy
on ATP-hard), while Flip and Hallucinations misalignments lead to some severe
decrease on the VideoCon benchmarks (e.g ., -1.12 and -0.61 respectively on VideoCon
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Human).
We hypothesize that such a performance drop is due to the alignment quality of

synthetic videos. To evaluate our hypothesis, we measure the quality of a synthetic
video Vs, generated from a caption ts, as a negative example for the caption tr as
f̄(Vs, ts)− f̄(Vs, tr), where f̄(V, t) is computed using an ensemble of VQAScores [61],
obtained by averaging the scores from three VQA models [64, 22, 61], i.e., their average
likelihood of answering Yes to the question: Does this figure show [t]? across four
uniformly sampled frames from the video. The higher the difference between the two
scores, the higher the similarity of the synthetic video to its caption ts than its negative
tr and, intuitively, the more relevant the synthetic video for the VLA learning process.
Fig. 5.2 shows the distribution of this difference for different types of misalignments.
Notably, only Flip and Hallucinations misalignments yield mean differences that
are below zero (i.e., -0.03 and -0.05, respectively), while the others are above (e.g .,
0.09 Actions, 0.15 Attribute and Object). This indicates that synthetic videos
corresponding to Flip and Hallucinations negative captions are not well aligned,
which worsens the VLA learning process, as confirmed in Tab. 5.2.
Finding summary. Our preliminary analysis reveals that:

(i) Synthetic videos show potential for enhancing VLA, though improvements are not
consistent among different generators.

(ii) Different types of misalignment influence various downstream tasks in distinct
ways.

(iii) Synthetic videos that align closer to the positive captions of real videos rather than
the negative captions result in poor training samples, which negatively impact
learning.

5.5 SynViTA

As shown in the previous section, some generated videos are closer to real captions
than their target ones (Fig. 5.2). This contradicts a key assumption of Eq. (5.3): that
generated videos fully represent the content described by their input caption ts. This
often happens due to semantic inconsistency, i.e., generated videos fail to follow the
semantic instruction given by the input text [53, 8]. Such synthetic videos introduce noisy
supervision signals, leading to degraded VLA performance (Tab. 5.2) [70]. Moreover, even
semantically consistent synthetic videos may be distinguished using visual differences

79



5.5. SynViTA

A child, together with 
mom is playing ball in 

the living room.

Longest 

Common 

Subsequence

A child, together with 
mom is playing ball in 

the living room.

A child, together with 
mom is playing chess in 

the living room.

LLM

A child, together with 
mom is playing ball in 

the living room.

A child, together with 
mom is playing ball in 

the living room.

A child, together with 
mom is playing ball in 

the living room.

A child, together with 
mom is playing ball in 

the living room.

0.80

Figure 5.3: Overview of SynViTA. Given a real video Vr with its description tr and a
negative caption ts (generated by an LLM), we first generate a synthetic video Vs based
on ts. We weigh the importance of each video using the scoring criterion ϕ. We also find
the shared semantic between tr and ts using the longest common subsequence, obtaining
t′. We train fθ to respond with Yes if the input video matches its description and No
otherwise. Additionally, we encourage the model to focus on the semantic difference
between real and synthetic videos, instead of the appearance difference, using their
shared semantic (i.e., t′).

(e.g ., artifacts [127, 89]) rather than intended semantic ones. In this chapter, we
propose a model-agnostic method to better use Synthetic videos for Video-Text

Alignment (SynViTA), modeling them via two strategies: alignment-based weighting
and semantic consistency regularization (see Fig. 5.3).

Alignment-based weighting. To mitigate the impact of harmful synthetic videos and
maximize the impact of valuable ones, we weigh the importance of each video based
on a scoring criterion ϕ. Given a synthetic video Vs, its corresponding caption ts and
the real counterpart tr, ϕ maps them to a binary score in [0, 1] depending on their
level of alignment, i.e., ϕ : V × T × T → [0, 1]. A simple choice for ϕ is to directly
use the alignment scores given by our model f . In this case, ϕ(Vs, ts, tr) = f(Vs, ts).
However, this might ignore the cases where, erroneously, f(Vs, tr) > f(Vs, ts), i.e.,
the generated video is closer to the real caption tr than to the target one ts. This
phenomenon frequently happens (i.e., Fig. 5.2), due to e.g ., wrong attribute/action
binding [43]. For instance, if we ask the model to generate a horse watching a person
running, it may erroneously generate a person watching a horse running, swapping the
two actions. As shown in Sec. 5.4, this type of mistakes harms the learning of f and its
capability to distinguish fine-grained details.

Thus, we define ϕ to account for how well the generated video Vs
i represents tsi in

comparison to its real, negative, counterpart tri , defining the weight for a synthetic video
as:

ωϕ
i = ϕ(Vs

i , t
s
i , t

r
i ) = max(0, f̄(Vs

i , t
s
i )− f̄(Vs

i , t
r
i )) (5.4)

80



Chapter 5. Can Text-to-Video Generation help Video-Language Alignment?

where f̄ is an ensemble of VQAScores, as in Sec. 5.4. Note that the more the video is
aligned with the target text w.r.t. its negative one, the higher its weight from Eq. (5.4).

Given this scoring criterion, we define a loss function on synthetic videos, where ϕ

acts as a dynamic weight giving higher relevance to videos better aligned with text:

Lϕ
syn = −

n∑
i=1

ωϕ
i · (log f (Vs

i , t
s
i ) + log (1− f (Vs

i , t
r
i ))) . (5.5)

Semantic consistency regularization. A positive aspect of having synthetic videos
for negative textual inputs is that we can make the model focus on the semantic changes
between videos rather than those in appearance. Suppose we are given a text tr, its
negative version ts, a real video Vr, and its generated negative version Vs. If the
difference between tr and ts is fine-grained, it will focus on specific properties of the
video (e.g ., action, temporal order, etc.). This implies that the two texts share most
of the content but for those fine-grained characteristics. We can thus define a text
t′, whose semantic is shared between tr and ts, thus not being specific to Vr or Vs.
We achieve this by finding the intersection between the two texts via longest-common
subsequence [39], i.e., t′ = LCS(tr, ts)2.

Note that t′ has a specific property: given the real (synthetic) video, t′ is a less
accurate description than the original caption tr (ts), but a better one than the negative
ts (tr). Ideally, our model should capture this relationship, modeling t′ as semantically
closer to the video than its negative caption, but farther w.r.t. its positive. We can
achieve this by computing a triplet loss, defined as:

Lϕ
scr =

n∑
i=1

∑
z∈{s,r}

ωϕ
i · (max (0, γ + f(Vz

i , t
′
i)− f(Vz

i , t
z
i ))

+ max (0, γ + f(Vz
i , t

z̄
i )− f(Vz

i , t
′
i))) .

(5.6)

where the margin term γ enforces the desired separation between the alignment proba-
bilities, and when z = r, z̄ = s and vice versa. The first term promotes better alignment
of the positive caption w.r.t. the generic caption t′ and the second promotes better
alignment of the latter w.r.t. the negative caption. This encourages f to focus on
the semantic differences between the two visual inputs, ignoring their differences in
appearance due to the synth-to-real gap.

Full objective. Considering all learning objectives together, we obtain the following

2Note that, in practice, t′ is not implemented via token removal but via attention-level masking.
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final function:
L = Lreal + Lϕ

syn + λscr · Lϕ
scr. (5.7)

where λscr is a hyperparameter that regulates the losses. We use Eq. (5.7) to learn the
set θ of parameters in f . Remarkably, our framework has only two hyperparameters,
i.e., the margin γ of Lϕ

scr and the weight λscr of Lϕ
scr.

5.6 Experiments

In this section, we describe our experimental protocol and present the comparison
w.r.t. the state of the art (Sec. 5.6.1). We then perform a detailed study on SynViTA

(Sec. 5.6.2). Finally, we provide a qualitative analysis of the synthetic data quality and
its impact on the training signal (Sec. 5.6.3).
Datasets. For training SynViTA, we use the VideoCon dataset [7], which includes
temporally-challenging video-text triplets from MSR-VTT [135], VATEX [120], and
TEMPO [37] for two tasks: Video-Language Entailment (VLE) and Natural Language
Explanation (NLE). In VLE, the model outputs a score of 1 if the video entails the
description and 0 otherwise, while in NLE, it outputs the explanation of the differences
between a video and a caption. For each negative caption in the VideoCon VLE training
set, we generate a corresponding video using three text-to-video models: CogVideoX
[138], LaVie [121], and VideoCrafter2 [14].

For evaluation, we use the VideoCon VLE test sets: (i) VideoCon (LLM), with
27K video-text pairs from the same source datasets; (ii) VideoCon (Human), with 570
pairs from ActivityNet [11] and human annotated negative captions; and (iii) VideoCon
(Human-Hard), a subset of 290 temporally challenging instances. Following [7], we
also evaluate our model on various downstream tasks: (i) text-to-video retrieval with
SSv2-Temporal [96], which includes 18 action classes, each with 12 videos (in total
216 videos), requiring temporal understanding; (ii) SSv2-Events [4], with 49 action
classes, each with 12 videos, featuring multi-event actions; and (iii) video question
answering on ATP-Hard [10], a subset of questions of NExT-QA [132] that require
causal and temporal understanding of videos. We measure the performance using AUC
for entailment, mAP for retrieval, and accuracy for VQA.
Implementation details. We implement SynViTA on two LMMs, mPLUG-Owl 7B
[140] and Video-LLaVA [59], trained on 4 NVIDIA A100 GPUs. Both models share most
of the hyperparameters with VideoCon [7] to ensure a fair comparison, and fine-tune the
projection layers of the attention blocks of the LLM with low-rank adaptation (LoRA)
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Table 5.3: Comparison of SynViTA with both discriminative and generative
VLMs. For the video-language entailment task, we report AUC-ROC, for zero-shot
text-to-video retrieval , we report mAP, and for video question-answering , we report
accuracy. * indicates our reproduced results using the mPLUG-Owl 7B model checkpoint
released in the original VideoCon repository.

Video-language Entailment (VideoCon) Text-to-Video Retrieval Video QA
LLM Human Human-Hard SSv2-Temporal SSv2-Events ATP-Hard

VideoCLIP [134] 53.2 47.3 47.5 9.8 6.4 23.4
ImageBind (Video-Text) [30] 57.1 65.2 63.0 10.5 5.5 25.4
TACT [4] - - - - 7.8 27.6
VFC [81] - - - - - 31.4
End-to-End VNLI [139] 67.0 72.4 65.0 14.6 10.4 39.0
mPLUG-Owl 7B [140] 57.24 67.02 64.39 11.08 6.75 37.96
Video-LLaVA [59] 62.98 70.37 65.99 11.64 7.11 38.56
VideoCon (mPLUG-Owl 7B)* [7] 88.39 77.16 74.76 13.00 10.37 35.46
VideoCon (Video-LLaVA) 85.86 80.09 75.74 19.77 10.01 38.76
SynViTA (mPLUG-Owl 7B) 86.45 77.48 74.54 17.32 12.54 37.31
SynViTA (Video-LLaVA) 85.43 80.86 76.86 20.10 11.21 39.88

[42], with r = 32, α = 32, and dropout = 0.05. For both models, we set γ to 0.2, while
λscr to 10−2 for mPLUG-Owl 7B and 1.0 for Video-LLaVA.
Baselines. We compare SynViTA (mPLUG-Owl 7B) and SynViTA (Video-LLaVA)
against two sets of models. The first set includes off-the-shelf VLMs such as VideoCLIP
[134], ImageBind (Video-Text) [30], End-to-End VNLI [139], mPLUG-Owl 7B [140], and
Video-LLaVA [59], as well as models fine-tuned for improved understanding of actions
and event order, i.e., VFC [81] and TACT [4]. The second set consists of models trained
on video-text triplets from the VideoCon dataset, namely VideoCon (mPLUG-Owl 7B)
and VideoCon (Video-LLaVA) [7].

5.6.1 Comparison with state of the art

Tab. 5.3 presents the results of our comparison on the VideoCon evaluation sets and the
downstream tasks. Overall, our proposed method outperforms all previous baselines
in five tasks out of six. For the entailment task, on the VideoCon Human dataset
SynViTA (Video-LLaVA) improves its counterpart VideoCon (Video-LLaVA), trained
without synthetic video-caption pairs, by 0.77%, and achieves a 1.12% improvement
on its temporally challenging subset, Human-Hard. Similarly, SynViTA (mPLUG-
Owl 7B) shows a 0.32% improvement on the VideoCon Human dataset. As expected
from Sec. 5.3, on the VideoCon (LLM) test set, both SynViTA (Video-LLaVA) and
SynViTA (mPLUG-Owl 7B) underperform compared to their counterparts without
synthetic videos, due to the similar distribution of negatives w.r.t. those present in the
training set. Thus, synthetic pairs harm the performance in this setting.

For text-to-video retrieval tasks, SynViTA (mPLUG-Owl 7B) outperforms VideoCon
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Figure 5.4: Ablation study on the proposed losses.

Table 5.4: Results of the ablation study on the weighting strategy for the synthetic
videos in the objective function.

Video-Language Entailment (VideoCon) Text-to-Video Retrieval Video QA
Alignment-based weighting strategy LLM Human Human-Hard SSv2-Temporal SSv2-Events ATP-Hard

1) Fixed weighting-1.00 83.95 76.91 75.05 12.54 8.48 36.23
2) f̄(Vs, ts) 84.87 76.46 74.12 13.43 9.40 35.95
3) f̄(Vs, ts) · (1− f̄(Vs, tr)) 85.57 76.79 74.11 15.52 10.74 36.06
4) 1

[
f̄(Vs, ts) > f̄(Vs, tr)

]
84.88 76.79 73.17 14.17 10.38 37.15

5) max(0, f̄(Vs, ts)− f̄(Vs, tr)) 86.45 77.48 74.54 17.32 12.54 37.31

(mPLUG-Owl 7B) by 4.32% on SSv2-Temporal and 2.17% on SSv2-Events. Similarly,
SynViTA (Video-LLaVA) shows improvements of 0.33% on SSv2-Temporal and 1.20%

on SSv2-Events compared to VideoCon (Video-LLaVA). These results suggest that our
model is model-agnostic and more effective at ranking similar but semantically different
text descriptions than the baseline, which does not associate corresponding video data
with negative captions. Finally, for the challenging video question-answering task on
the ATP-Hard dataset, models fine-tuned with only textual negatives see performance
drops or minimal improvement compared to their non-finetuned version. Despite this,
SynViTA (mPLUG-Owl 7B) improves upon VideoCon (mPLUG-Owl 7B) by 1.85%, and
SynViTA (Video-LLaVA) shows a 1.12% improvement over VideoCon (Video-LLaVA).

5.6.2 Ablation study

In this section, we analyze the components of SynViTA considering the mPLUG-Owl 7B
version. We first examine the different parts of our learning objective. We then show the
benefits of alignment-based weighting over fixed weights and of different alignment-based
scoring criteria. Finally, we show the effect of using different text-to-video models for
generating synthetic videos.
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Table 5.5: Ablation study on varying the text-to-video model.

Text-to-Video Generator
None CogVideoX LaVie VideoCrafter2 All

LLM 88.39 86.45 86.45 86.43 85.82
Human 77.16 77.48 77.51 77.48 77.15

Human-Hard 74.76 74.54 74.73 74.74 73.79

SSv2-Temporal 13.00 17.32 15.98 15.47 14.06
SSv2-Events 10.37 12.54 12.36 11.72 10.90

ATP-Hard 35.46 37.31 36.55 36.50 36.44

Learning objectives. We first analyze the effectiveness of the two proposed components
in our learning objective: the alignment-based loss function Lϕ

syn (Eq. (5.5)) and the
semantic consistency regularization Lϕ

scr (Eq. (5.6)). As shown in Fig. 5.4, excluding
Lϕ
syn leads to a drop in performance (blue vs. orange bar). Without this loss, the

objective is solely the traditional language modeling loss. As a result, synthetic videos
that are not aligned with their captions introduce a noisy training signal. Adding Lϕ

scr

(green bar), further boosts the performance on 2/3 datasets, suggesting that the model
better captures the video semantics. As our model is trained on triplets with single-event
differences [7], Lϕ

scr is less effective for SSv2-Events, where captions involve multiple
events. However, current open-source video generators struggle to generate multi-event
videos.

Alignment-based weighting strategy. In this section, we evaluate our alignment-
based weighting strategy (i.e., Eq. (5.4)) against other alternatives, reporting the results
in Tab. 5.4. As a reference, row (1) reports the results of a fixed weight (i.e., 1) for
all synthetic videos. Assigning weights based only on alignment with the target text
(i.e., f(Vs, ts)) improves performance on retrieval (e.g ., +0.92 mAP on SSv2-Events)
but degrades performance on others (e.g ., on ATP-Hard, -0.28%), as it overlooks cases
where synthetic videos align more with real captions. In row (3), we multiply the
synthetic scores by the inverse similarity with the real counterpart (i.e., (1− f(Vs, tr))).
Introducing the real captions into the score improves the results in various settings,
especially on retrieval, achieving +2.98 mAP on SSv2-Temporal, and +2.26 mAP on
SSv2-Events. As an alternative, row (4) considers weighing all synthetic videos as 1 if
they are closer to their target caption than the real one. This strategy shows a general
degradation w.r.t. the previous, except for ATP-Hard (+1.9%). This denotes that a
soft-weighting scheme is still more effective as it accounts for different levels of semantic
fidelity across videos. Our proposed strategy (row (5)) combines the advantages of
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the two, enforcing that synthetic videos are truly negative examples, i.e., being more
similar to their caption than the original one of the real videos. This strategy obtains
the highest results in almost all settings. For Video-LLaVA, we use (3) as it performs
slightly better.
Text-to-video generators. We analyze this aspect by comparing three text-to-video
generators when used with our method: CogVideoX [138], LaVie [121], and VideoCrafter2
[14]. As shown in Tab. 5.5, SynViTA (mPLUG-Owl 7B) fine-tuned on videos generated
by CogVideoX outperforms the other alternatives across all downstream tasks and
achieves comparable results on the video-language entailment task. While it can be
challenging to determine a-priori the optimal generator for a downstream task, one
possibility could be to generate videos from multiple generators and let the model filter
them. Using all generated videos performs better than using none on the downstream
tasks (e.g ., +1.06% on SSv2-Temporal), but underperforms CogVideoX (e.g ., -3.26% on
SSv2-Temporal). This is likely due to the high synth-to-real video ratio, introducing a
significant domain shift that requires careful handling. Nevertheless, we expect that the
better the text-to-video models released, the more beneficial they will be for SynViTA.

5.6.3 Analysis of synthetic data quality and diversity

To understand how the quality and diversity of generated videos impact the training
signal, Fig. 5.5 presents examples of synthetic data along with alignment scores assigned
by InstructBLIP [22], LLaVA-1.5 [64], and CLIP-FlanT5 [61]. Specifically, we show
the alignment of each synthetic video Vs with its corresponding synthetic caption ts,
denoted as f(Vs, ts), and with its real counterpart tr, denoted as f(Vs, tr).

These examples illustrate that while models often produce semantically consistent
videos (e.g ., the sombrero example), they can also fail to capture specific attributes like
scale or complex event orders. For the caption “Man is holding two large dumbells which
he raises up and down in both of his hands.”, CogVideoX fails to depict the size of the
dumbbells, leading to alignment scores that are lower than those of the real counterpart
for two out of three models. Finally, for inherently nonsensical prompts or complex
categories like event order flip (e.g ., the palm tree example), none of the generated
videos achieve higher alignment scores with the input caption than with the real caption.
This is likely due to the nonsensical nature of the LLM-generated prompt or artifacts
introduced by the generators, such as VideoCrafter2 only rendering the top of the tree.

Overall, these cases confirm that synthetic data can introduce noise or bias, particu-
larly when generators struggle with fine-grained semantic details or complex temporal
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Figure 5.5: Examples of videos generated by three text-to-video models (i.e., CogVideoX,
LaVie, and VideoCrafter2) from LLM-generated negative captions, along with alignment
scores assigned by different image-text alignment methods (i.e., InstructBLIP, LLaVA-
1.5, and CLIP-FlanT5). For each synthetic video Vs and alignment model, we show its
alignment with the corresponding caption ts, denoted as f(Vs, ts), and with the real
caption tr, denoted as f(Vs, tr).

dependencies. However, as hypothesized in Sec. 5.4, the negative mean alignment
differences observed in Fig. 5.2 provide a reliable metric to identify these unreliable sam-
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ples. By incorporating these scores into our alignment-based weighting (wϕ
i ), SynViTA

effectively down-weights or filters out lower-quality synthetic videos during training.
This ensures the model learns from generated videos without being compromised by the
limitations or hallucinations of current text-to-video generators.

5.7 Chapter Summary

In this chapter, we explored whether videos generated by text-to-video models can help
learning a better video-language alignment (VLA) model. Our initial analysis shows that
synthetic videos can boost performance on certain downstream tasks, but harm others.
We attribute this to (i) semantic inconsistency, as synthetic videos may not follow the
input text, and (ii) appearance bias, where the model focuses on visual differences in
the videos rather than semantic differences. To address these limitations, we introduced
SynViTA, the first VLA method exploiting synthetic videos. SynViTA includes an
alignment-based sample weighting strategy to mitigate noisy video generations and a
semantic consistency regularization to make the model focus on semantic, rather than
visual, differences. SynViTA outperforms baselines that do not use synthetic videos
across different LMMs on five out of six tasks, demonstrating its potential to improve
VLA across diverse models.
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Chapter 6

Discussion

This thesis presents a practical path toward language-guided video understanding
systems that are better aligned with real-world deployment constraints by shifting from
visual-only representations to vision-language representations and progressively relaxing
assumptions about task-specific training and offline access during inference. In this
final chapter, we discuss the implications of this approach, including applications (see
Sec. 6.1), ethical considerations (see Sec. 6.2), limitations (see Sec. 6.3), future research
directions (see Sec. 6.4), and final remarks (see Sec. 6.5).

6.1 Applications

This thesis introduces video understanding techniques designed to operate at inference
time under relaxed assumptions on task-specific training data and offline access to
complete video sequences. While the proposed methods are evaluated on standard
research benchmarks, their design is motivated by practical deployment constraints and
enables a range of real-world applications.

The design principles explored in this thesis (training-free inference and online
operation over foundation models) make video understanding systems suitable for real-
time surveillance and safety monitoring scenarios. In these settings, systems must react
promptly to anomalous events, often without access to task-specific training data or the
ability to process entire video streams offline. The contributions presented in Chapters 3
and 4 offer a path toward practical use of such systems in privacy-sensitive or highly
dynamic environments where traditional supervised training is impractical.

The proposed techniques are also relevant to augmented and extended reality
(AR/XR) applications. In particular, the online video step grounding framework intro-
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duced in Chapter 4 can support interactive assistants that provide real-time, step-by-step
guidance for complex procedural tasks, such as industrial maintenance or medical work-
flows. By combining Bayesian filtering with Large Multimodal Models (LMMs), the
system updates its step predictions online as new visual evidence becomes available,
maintaining consistency with previously inferred steps during task execution.

Finally, the research on synthetic data in Chapter 5 has implications for applications
that require reliable temporal understanding over video, such as fine-grained video
retrieval and temporal localization. By leveraging text-to-video generation, this approach
provides a scalable mechanism for improving the semantic consistency of estimates
produced by LMMs, while reducing reliance on costly human annotation.

6.2 Ethical Considerations

The methodologies presented in this thesis improve the accessibility and scalability of
video understanding systems, but they also raise important ethical considerations that
must be addressed before real-world deployment.

Video anomaly detection systems, such as LAVAD (Chapter 3), are typically
applied in safety-critical contexts, including surveillance and monitoring for public or
private use. While this work focuses on the technical feasibility of training-free anomaly
detection using LLMs, deployment in such settings requires careful analysis of model
behavior. In particular, LLM-based systems may inherit biases from pre-training data
and may produce decisions that are difficult to interpret or justify. Understanding these
decision behaviors and improving the transparency of inference with language models
are necessary steps before such systems can be responsibly deployed.

Similarly, the BaGLM framework (Chapter 4) enables online understanding of
procedural video content and can provide real-time feedback in applications such as
remote learning, assisted rehabilitation, or domestic tasks. While these capabilities
can support assistive technologies in data-scarce settings, reliance on large pre-trained
multimodal models introduces the risk of uneven performance across domains, cultures,
or user populations. Future work must explore strategies to mitigate these biases and
ensure consistent behavior across diverse scenarios.

More broadly, reducing the barriers to deploying video understanding systems
increases their potential for dual use. Techniques designed for safety monitoring or
procedural assistance could also be misused for pervasive or intrusive surveillance if
deployed without appropriate safeguards. In addition, the use of synthetic data in
SynViTA (Chapter 5) relies on generative models, which may produce misleading
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content or be misused. Such synthetic data may influence the behavior of language models
fine-tuned on it, amplifying biases, reinforcing spurious correlations, or introducing
unintended failure modes. Therefore, progress in deployable video understanding should
be accompanied by the development of automated detection techniques and robust
governance frameworks to protect privacy and ensure content integrity.

6.3 Limitations

Despite the progress toward video understanding systems that are better aligned with
real-world deployment constraints presented in this thesis, several limitations remain.

A first limitation is the performance gap between training-free methods and fully
supervised systems. While approaches such as LAVAD (Chapter 3) and BaGLM
(Chapter 4) outperform unsupervised baselines, they generally underperform compared
to models fine-tuned using task-specific annotated data. This gap is closely tied to the
quality of the underlying foundation models. In LAVAD, the accuracy of anomaly
detection is constrained by the quality of video captioning models and the LLM’s
ability to interpret textual descriptions into anomaly scores. In BaGLM, online step
grounding depends on the reliability of estimates produced by language models when
conditioned on visual and linguistic cues, making it sensitive to errors or inconsistencies
in these estimates.

A second limitation is computational cost. Training-free inference over LMMs remains
expensive and typically requires high-end hardware. This limits deployment on edge-
constrained platforms such as wearable devices or low-power cameras, which are common
targets for real-time assistance and monitoring. Therefore, while these techniques are
conceptually online and do not require task-specific training, their practical application
is currently restricted to environments with sufficient computational resources.

A third limitation is long-range temporal understanding. While SynViTA (Chap-
ter 5) leverages synthetic supervision to improve temporal understanding, it relies on
text-to-video generators that produce only short clips. This restriction can create a
synth-to-real domain gap, limiting the temporal complexity of the generated videos.
As a result, synthetic data can only partially mitigate errors arising from long-range
temporal dependencies, leaving long-horizon understanding an open challenge.

A final limitation is the reliance on prompting as the primary interface for guiding
model behavior. While prompting is effective in practice, it remains difficult to optimize
systematically. For example, in BaGLM, task progress is inferred through LMM
queries rather than explicit duration or speed priors, which can lead to biased estimates.
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6.4 Future Work

A key direction for future work is the development of efficient video understanding
techniques that facilitate deployment on edge-constrained platforms, such as wearable
devices and low-power cameras. While these platforms are natural targets for real-time
assistance and monitoring, they currently cannot sustain the computational demands of
large-scale multimodal models.

Practical deployment will therefore require both smaller, more efficient LMMs and
inference strategies that reduce computational load. One promising approach is to
reduce the number of visual tokens processed by the model. This can be achieved in two
complementary ways. First, by removing redundancy at the frame level and filtering
out visually uninformative frames rather than relying on fixed-rate frame sampling,
which is particularly effective in surveillance and procedural videos with high temporal
redundancy. Second, by selectively using only the tokens that are semantically relevant
to the task or user query.

Together, these strategies reduce the number of tokens processed by transformer-
based architectures and make better use of the limited context of the LLM. This
directly addresses the quadratic cost of attention and makes training-free, online video
understanding more feasible on resource-constrained, real-world devices. Importantly,
these techniques should remain computationally lightweight and avoid introducing
additional pre-processing stages that must run sequentially before inference, so as not
to compromise interactive latency or the time to first token experienced by the user.

A related direction worth exploring is compressed-domain video understanding, where
videos are processed directly in their compressed form (e.g ., motion vectors and residuals)
rather than decoded into dense frame sequences. A key open challenge is how such
compressed representations can be aligned with the language space of LLMs to enable
reasoning over encoded video content through natural language prompts at inference
time. Addressing this could reduce decoding overhead and better align with deployment
scenarios involving continuous video streams and resource-constrained devices.

6.5 Conclusions

This thesis advances the state of the art in video understanding systems by leveraging
language to relax assumptions that traditionally limit their real-world applicability,
better aligning them with deployment constraints. Across four research contributions,
we progressively shift from visual-only to vision-language representations, remove the
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need for task-specific training data, and eliminate reliance on offline access to complete
video sequences. Finally, we study how synthetic video data can be leveraged to improve
the reliability of estimates produced by language models over video, a key requirement
for training-free and online video understanding.

Chapter 2 introduced AnomalyCLIP, showing that the geometric structure of vision-
language embeddings can be adapted with minimal video-level supervision to jointly
detect and classify anomalous events. Chapter 3 extended this direction with LAVAD,
demonstrating that LLMs can perform fully training-free video anomaly detection. To
enable online inference over streaming video, Chapter 4 proposed BaGLM, which
combines Bayesian filtering with LMMs to ground procedural steps in real time without
access to future frames. Finally, recognizing the reliability of language model estimates
over video as a shared requirement across the preceding approaches, Chapter 5 introduced
SynViTA and explored whether synthetic videos generated by text-to-video models
can improve their semantic consistency without human annotation.

Collectively, these contributions provide a roadmap for scalable video understanding
systems that are better aligned with real-world deployment constraints. They show
that expressing task-specific decision logic at inference time through language models
can approach or surpass traditional training-based methods, highlighting the potential
for vision systems that operate with minimal supervision, online, and under realistic
deployment conditions. While challenges remain, particularly in computational efficiency
and long-range temporal reasoning, the results of this thesis establish that training-free,
online video understanding is both feasible and a promising direction for future research
and real-world applications.
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