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Overview

@® Introduction
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® Project 4




Lived in Los Angeles

About Me for 2 years.

e Born in Shanghai,
A LY W0 opN

e Thisis my third yearin
the United States.
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Lived in _ _
Shanghai for 20 Lived in
years. Berkeley
for 1 year.
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Academic: e Self-learning :
Computer Vision
e Used to major in Applied Mathematics — approximately 80% complete
at UC Berkeley, just switch to Data \_ /

Science. (Was 4.0 before last

Tuesday)
e Prior courses:

1. Calculus I&ll

2. Linear Algebra & Differential Equations N s :
30 ; £4F .
3. Abstract Linear Algebra g (@b-02-a2+b2sc2-2abs2be-2ca

0*x
sin 30 3 abac:ab+c 5

4. Probability 5 F o1 1y
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Project: Multi-modal Large Language Models for Video
Anomaly Detection

Harnessing Large Language Models for Training-free Video Anomaly Detection

L]
°
Lead O D r‘ . l ' Gn Luca Zanclla'  Willi Menapace'  Massimiliano Mancini'  Yiming Wang®™  Elisa Ricci'?

University of Trento!  Fondazione Bruno Kessler'
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) Video anomaly desection (VAD) aims s temporally locare
-~ abmormal events in a video. Existing works mostly refy on D Pelbiemmrin M Oonetios
; training deep models ro learn the distribution of normality iM LA
y with either video-level supervision, one-class supervishon,
. P re S e n t uhi or i an ssupenvised setting. Traiming based methods are , ,’, 8._.@
gy Prone 10 be domatn-specific, thus being costly for practt ) Weakly-snpurviend 1) Uesagurvind Tratuiog Sree sertinsd
o- cal deployment as any domain change will bnvolve data
& collection and mode! training. In thix paper, we radically s
7 depart fromn presious efforrs and propose LAngwage-based , ﬂ ,
O VAD (LAVAD), @ method tackling VAD in a novel, traiming
F t — free paradigm, exploiting the copabilities of pre-trained - N [ - v W
. u u re large lungwage models (LIMs) and exicting visson-langmige
T models (VIMs). We leverage VIM-tased captioning models  Figere 1. We introduce the fing training-froe method for vidoo
':T 10 generate textwal descriptions for each frame of any test anomaly detection (VAD), diverging from state-of -the-ant mcthods
v video. With the textwal scene description, we then devise a that are ALL training basod with &ifforent degroes of supervision
S prompiing mechanism to unlock the capability of LiMs in O™ Frposal. LAVAD. leverages modality-aligned vivioo-laaguage
T terms of temporel eggrexation end anomaly score estimation 04048 (VEAL4) S0 quely S0 CUNEE B0 spomly IOXTH B0
- : by large Language models (LLMs)
. twrning LIMy into an effective video anomaly detector. We
T further leverage modality-aligned VIMs and propose effec
S tive technigues based on cross-modal similarity for cleaming
- I: noisy capions and refining the LIM-based anomaly soovex ‘"F\"‘"‘""‘ of both sormal and abnormal videos) |
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We evaluate LAVAD on ¢ val

wovld surveillance scenarios ( UCF-Crime amd XD-Viedence )

fatasely featuring

large

showing that it owiperforms both weimpervited and one-class

methodys wi requiring any trniming or data collection

], one-Class (e, only normsal videos) |15,

: §). and umsupervised (e, unkabeled videos) |
J. Whike more supervasion leads 1o better results, the
cost of maneal ansotation 1 protsbitive. On the other hand,
snsupenised methods assume abnormal videos to constitute

s rwvrtain rvution of the trninine dsta o frasdls scaimetion in



Goal:

1. Identifying the limitations of existing frame-to-text prompting video data

1. Extending MLLM or LLM by incorporating multi-modal embeddings alongside

text to enrich scene representations.

1. Benchmarking the resulting M®VAD framework against leading VAD methods
on UCF-Crime and XD-Violence, aiming to match or exceed unsupervised and

weakly-supervised performance without training.



This week's Plan

Today Thursday Friday
Suppose to finish all the Computer Vision materials. Daytime: 1. Reproducing
Finish studying all the remaining the experiment
However, | spent more than 8 hours continuously trying to fully SeEees by running the
understand Transformers yesterday, but | failed to have a good code from the
command of it since | couldn’t understand the process of Multi- second paper.
head Attention. _
Evening: 1. Meet with
(Read the related slides from Stanford CS231n (no videos Start to read papers: Dr.Tian to make
available and the lecturer prefer to teach it combined with RNN); . weekend’s plan
MIT 6.8191: Only covered shallow understanding of attention 1. A Survey of Single-Scene and next
can’t help me understand the Transformer; Berkeley CS 182: Video Anomaly Detection; week’s plan.

Only formulas without any explanations. Without videos, it's really

hard to understand) 2. Harnessing Large Language

Models for Training-free
Topics remaining: 50% Transformers; Video Understanding

(Video classification, 3D CNNs); Self-supervised Learning ;
Vision and Language. (4 lectures left.)
(Will be done by Thursday’s evening)

Video Anomaly Detection



Some study notes:

NN&CNN
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Thank youl

UCF
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