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Introduction

% VLM in Anomaly Detection
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[1] Abdalla, M., Javed, S., Al Radi, M., Ulhag, A., & Werghi, N. (2025). Video anomaly detection in 10 years: A survey and outlook. Neural Computing and Applications,
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- Vision Language Model

?

@ 0openAI CLIP

CLIP (OpenAl, 2021/ICML)
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- Vision Language Model (1/3)

< CLIP (2021/ICML - OpenAl)
Y N SARVIY

«  O[OfX|er HIAE 7F Aligns & Z|=2| g+

4

Learning Transferable Visual Models From Natural Language Supervision

Alec Radford "' Jong Wook Kim *! Chris Hallacy ! Aditya Ramesh! Gabriel Goh! Sandhini Agarwal'
Girish Sastry! Amanda Askell! Pamela Mishkin' Jack Clark' Gretchen Krueger' Ilya Sutskever'

Abstract Task-agnostic objectives such as autoregressive and masked
language modeling have scaled across many orders of mag-
nitude in compute, model capacity, and data, steadily im-
proving capabilities. The development of “text-to-text” as
a standardized input-output interface (McCann et al., 2018;
Radford et al.. 2019; Raffel et al.. 2019) has enabled task-
agnostic architectures to zero-shot transfer to downstream
datasets removing the need for specialized output heads or
dataset specific customization. Flagship systems like GPT-3
(Brown et al., 2020) are now competitive across many tasks
with bespoke models while requiring little to no dataset
specific training data.

State-of-the-art computer vision systems are
trained to predict a fixed set of predetermined
object categories. This restricted form of super-
vision limits their generality and usability since
additional labeled data is needed to specify any
other visual concept. Learning directly from raw
text about images is a promising alternative which
leverages a much broader source of supervision.
We demonstrate that the simple pre-training task
of predicting which caption goes with which im-
ase 18 an efficient and scalable wav to learn SOTA

[2] Radford, A., Kim, J. W, Hallacy, C., Ramesh, A., Goh, G., Agarwal, S., ... & Sutskever, |. (2021, July). Learning transferable visual models from natural language supervision. In ICML
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- Vision Language Model (1/3)
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- Vision Language Model (1/3)

< CLIP (2021/ICML - OpenAl) - &
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- Vision Language Model (2/3)

% LLaVA (2023/NeurlPS — Microsoft)
- Che= O|0X| & HIAE 7t Align > LYt TaskE TS 5= U= VIM
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Visual Instruction Tuning

Haotian Liu'*, Chunyuan Li**, Qingyang Wu“, Yong Jae Lee’
University of Wisconsin-Madison  *Microsoft Research ~ *Columbia University
https://llava-vl.github.io

[3] Liu, H., Li, C., Wu, Q., & Lee, Y. J. (2023). Visual instruction tuning. Advances in neural information processing systems, 36, 34892-34916.
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% LLaVA (2023/NeurlPS — Microsoft)
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% LLaVA (2023/NeurlPS — Microsoft)

« L} InstructionOf| CHSH CHSSH?| fISHA= (Instruction, Output) ZER GH|O[E 4
«  7|& HI0|H& Instruction 810], O|O|X|2F ZHETE E=XH > Instruction BE HF
«  {O|O|X|, Text 4} C|O|E{E {O|O|X|, Instruction, Output}2 = 2}akst 4~ Q1= mo|Z2}el K| ot

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
N are three people in the scene, with one person standing closer to the left side of the vehicle, another
Xl‘%il’ —7|<— E 0‘” E|‘%|:OI' II:! 0 | 9)\% |_.| E.l' person in the middlc, and the third. person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a jar&ing area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>
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- Vision Language Model (2/3)

% LLaVA (2023/NeurlPS — Microsoft)
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Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.

Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip

Some people with luggage near a van that is transporting it.

Context type 2: Boxes

person: [0.681, 0.242, 0.774, 0.694|, backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

‘(r)'l Captlonl'f Box ng% :I |'0:| Q&A A-” % P%O'I-JF:I Q1. O|O|X| O A AFZLS T HOI7}R?
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% LLaVA (2023/NeurlPS — Microsoft)
. =5t HIO[H M (158K)= 7[HI2 2 VIM O|M =7
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[4] Wei-Lin, C., Zhuohan, L., Lin, Z., Ying, S., Wu, Z., Hao, Z., ... & lon, S. (2023). Vicuna: An open-source chatbot impressing gpt-4 with 90%* chatgpt quality. LMSYS.
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% LLaVA (2023/NeurlPS — Microsoft)
« 0|23t Instructiond]| CH-& 7tst 7|& Foundation VLMQ! BLIP2ELCH 3 H 4=

rot
x
olr
[0
HT
o

|C0nvcrsation Detail description  Complex reasoning  All

OpenFlamingo [ ] | 193 £ 0.5 19.0 £ 0.5 19.1 £ 0.7 19.1 £ 04
BLIP-2[ ] 546 L 1.4 29.1 £ 1.2 329 L 0.7 381 £ 1.0
LLaVA 5734+ 19 5254+ 63 81.74+ 1.8 67.3 4+ 2.0
LLaVAT 58.8 0.6 492 + 0.8 8144+ 0.3 66.7 + 0.3
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- Vision Language Model (3/3)

% Video-LLaVA (2024/EMNLP - University of Wisconsin-Madison)
- {O|0X] EE= H|C[2)e} HIAEE Y 2O} LIt TaskE =AY = U= VM

. QBg|= (0|0|X| = H|C|R)0] CHSHO] CHESH Instructioni| CH3H 22X SAlo 2 cft

Video-LLaVA: Learning United Visual Representation by Alignment
Before Projection

Bin Lin!, Yang Ye!, Bin Zhu!, Jiaxi Cui?,
Munang Ning"??, Peng Jin'*?, Li Yuan'??

'Peking University Shenzhen Graduate School, 2Peng Cheng Laboratory,
3 Al for Science (AI4S)-Preferred Program, Peking University Shenzhen Graduate School,
“PandaVilla Tech Limited
Correspondence: yuanli-ece @pku.edu.cn
GitHub: https://github.com/PKU-YuanGroup/Video-LLaVA

[5] Lin, B., Ye, Y., Zhu, B., Cui, J., Ning, M., Jin, P., & Yuan, L. (2024, November). Video-llava: Learning united visual representation by alignment before projection. In EMNLP.
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% Video-LLaVA (2024/EMNLP - University of Wisconsin-Madison)
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% Video-LLaVA (2024/EMNLP - University of Wisconsin-Madison)
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- Vision Language Model (3/3)

% Video-LLaVA (2024/EMNLP - University of Wisconsin-Madison)

« 7| viMi} H| WS O, CiYot TaskO|M 2 S22 ds 7l

Table 2: Comparison between different LVLMs on video reasoning benchmarks. We employ ChatGPT-
Assistant to evaluate the performance following Video-ChatGPT (Maaz et al., 2023). The version of ChatGPT is
“opt-3.5-turbo™.

Methods LLM MSVD-QA MSRVTT-QA TGIF-QA ActivityNet-QA
size | Accuracy Score | Accuracy Score | Accuracy Score | Accuracy Score
FrozenBiLM 1B 32.2 - 16.8 - 41.0 - 24.7 -
VideoChat 7B 56.3 2.8 45.0 2.5 344 2.3 - 22
LLaMA-Adapter 7B 54.9 3.1 43.8 2.7 - - 34.2 2.7
Video-LLaMA 7B 51.6 25 29.6 1.8 - - 12.4 1.1
Video-ChatGPT 7B 64.9 33 49.3 2.8 514 3.0 35.2 2.7
Chat-UniVi 7B 65.0 3.6 54.6 3.1 60.3 3.4 45.8 3.2
Video-LLaVA 7B 70.7 3.9 59.2 3.5 70.0 4.0 453 3.3
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- VLM-based Anomaly Detection (1/4)

<+ MMAD (2025/ICLR - Tencent)

. L} Foundation VLME 2| Anomaly Detection®]] L3 7HsAd Tt

o

MMAD: A COMPREHENSIVE BENCHMARK FOR MUL-

TIMODAL LARGE LANGUAGE MODELS IN INDUSTRIAL
ANOMALY DETECTION

Xi Jiang! Jian Li® Hangiu Deng® Yong Liu® Bin-Bin Gao? Yifeng Zhou?
Jialin Li* Chengjie Wang”*  Feng Zheng'*

!Southern University of Science and Technology  *Tencent YouTu Lab

#University of Alberta  *Shanghai Jiao Tong University
jiangx2020@mail.sustech.edu.cn, hangiul@ualberta.ca,

{swordli, choasliu, danylgao, joelzhou, jarenli, jasoncijwang}
ftencent.com, [.zhengfieee.org

[6] Jiang, X, Li, J., Deng, H., Liu, Y., Gao, B. B., Zhou, Y., ... & Zheng, F. (2025) MMAD: A Comprehensive Benchmark for Multimodal Large Language Models in Industrial Anomaly Detection. In ICLR.
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- VLM-based Anomaly Detection (1/4)

<+ MMAD (2025/ICLR - Tencent)

X |. |_I =0 Mo o] — |- ! H | | oro
- UHMH2E GPT-4o7t 7t T2 S5 BE' EE72t SHEX] &5
ZANS FOAE 20| S Tatole] 4 chel 948 A5 2 22
. =225 FUAME IntemvL2 A €0| & Li2t0|E Jf== CHH| S42F d B2
= o 0 = . o O:I =L S | =
« InternVL2-8B 7|& QI7k} 9 20% AKXt =X > Foundation VLM Ot StA S 718
| Anomaly | Defect | Object |
Model |Scale|Discriminati0n|Classiﬁcation Localization Description Analysis | Classification Analysis|Avemge
Random Chance | - | 50.00 | 25.00 25.00 25.00 25.00 ‘ 25.00 25.00 | 28.57
Human (expert) - 95.24 75.00 92.31 83.33 94.20 86.11 80.37 86.65
Human (ordinary) - 86.90 66.25 85.58 71.25 81.52 89.58 69.72 78.69
Claude-3.5-sonnet - 60.14 60.14 48.81 67.13 79.11 85.19 79.83 68.36
Gemini-1.5-flash - 58.58 54.70 4910 66.53 82.24 91.47 79.71 68.90
Gemini-1.5-pro - 68.63 60.12 58.56 70.38 82.46 §9.20 82.25 73.09
GPT-40-mini - 64.33 48.58 38.75 63.68 80.40 88.56 79.74 66.29
GPT-4o - 68.63 65.80 55.62 73.21 83.41 94.98 8§2.80 74.92
AnomalyGPT 7B 65.57 27.49 27.97 36.86 32.11 29.84 35.82 36.52
Qwen-VL-Chat 7B 53.65 31.33 28.62 41.66 63.99 74.46 67.94 51.66
LLaVA-1.5 7B 51.33 37.04 36.62 50.60 69.79 68.29 69.53 54.74
Cambrian-1# 8B 55.60 32.53 35.39 43.46 49.14 78.15 67.22 51.64
SPHINX* 7B 53.13 33.93 52.27 50.96 71.23 85.07 73.10 59.96
LLaVA-NEXT-Interleave | 7B 57.64 33.79 47.72 51.84 67.93 81.39 74.91 59.32
InternLM-XComposer2-VL| 7B 55.85 41.80 48.27 57.52 76.60 74.34 71.75 61.73
LLaVA-OneVision 7B 51.77 46.13 41.85 62.19 69.73 90.31 80.93 63.27
MiniCPM-V2.6 8B 57.31 49.22 43.28 65.86 75.24 92.02 80.80 66.25
InternVL2 8B 59.97 43.85 47.91 57.60 78.10 74.18 80.37 63.14
LLaVA-1.5 13B 4996 38.78 46.17 58.17 73.09 73.62 70.98 58.68
LLaVA-NeXT 34B 5792 48.79 52.87 71.34 80.28 81.12 77.80 67.16
InternVL2 76B 68.25 54.22 56.66 66.30 80.47 86.40 82.92 70.75
-27/57 - ) il
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- VLM-based Anomaly Detection (2/4)

¢ Triad (2025/1CCV)
«  Foundation VLM2 Anomaly Detection TaskE & &gt = U =& I M

- 23 0|OjX| & HIAE M + Foundation VLM O|M|Z=7F 4=

é Triad: Empowering LMM-based Anomaly Detection with
Expert-guided Region-of-Interest Tokenizer and Manufacturing Process

Yuanze Li'"  Shihao Yuan?'  Haolin Wang!  Qizhang Li'?
Ming Liu!®™d)  Chen Xu? Guangming ShiZ Wangmeng Zuo'+?
sglyz@hit.edu.cn, csshihaofioutlock.com, why_csfoutlook.com, csgizhang@gmail.com
csmliufloutlook.com, xc.xclgg.com, gmshifixidian.edu.cn, wmzuoBhit.edu.cn

! Harbin Institute of Technology, *Pengcheng Lab, Guangzhou

[7]1Li, Y., Yuan, S., Wang, H., Li, Q., Liu, M., Xu, C., ... & Zuo, W. (2025). Triad: Empowering LMM-based Anomaly Detection with Expert-guided Region-of-Interest Tokenizer and Manufacturing Process. In ICCV.

KORE
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- VLM-based Anomaly Detection (2/4)

¢ Triad (2025/1CCV)

@ OlD|X|o| Ch3t OfH £ > b
@ HAEO| T3t Ol £5 > 5

answer the question that follows:
Image:
<image>

Human: Based on the following image of a product,

Question: Can you confirm if the product has any defects?

1 oﬁ

LLM

-29/57 -

Industry Anomaly Detection (IAD)

The answer is: A.

é Based on the image provided, the unusual
part of the printed circuit board (PCB) is the
missing component in the | rright c

This missing component is a rectang!
component, which appears to be a capacitor...

LLaVA-OneVision-ov:
it is not possible to definitively confirm = a
thorough inspection would be required -+

--Answer: A. Yes - Defects observed include; -
areas with inconsistent soldering - Some
components appear to be slightly misaligned -+

Qwen2-VL-72B:
There are no visible defects on the product.

Myriad: The answer is: No -

e g

KOREA UNIVERSITY
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- VLM-based Anomaly Detection (2/4)

¢ Triad (2025/1CCV)

. O|OJX| O]} &

N XEEE:

Query Image

F Eg:l

=

Vision Expert

Based on the following image and manufacturing process of a
product, answer the question that follows:

[<Manufacturing Process for Cable>———

product within this image?
A.No
B. Yes

Question: Are there visible defects or unusual|aspects in the

The answer is: B.

Yes, there is an issue with the
cable. The fact that two wires
have identical blue insulation
violates the standard for color
coding step, which is essential
for safe and effective usage.

-30/57 -
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rinted onto the PCB, marking component locations, labels,
B, M+, ete).
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- VLM-based Anomaly Detection (2/4)

< Triad (2025/ICCV) — Anomaly O] Sof| Cljst HE 2= > o|O[X[of| CHet ofsl 74
@ Anomaly Map= & = QU= Vision ExpertE 7|82 = Anomaly Region 418
@ Anomaly Score’t =2 Y55 Eot= E20| O3l 37 Bounding BoxZ Crop
® #& 0[0|X|& Z&SH 47l O[0|X|Z Visual Encoderdi| &=
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Vision Expert

Feature of

1 1
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A - ] ]
Average pooling : '
H Feature of i
§ 1

1

1

extra patches |
1

Select area with
high anomaly
scores

1
1
'
! feature of !
; extra patches |

' '
' Concatenate |
|:> Visual Encoder i tokens !
: |
i '

Crop the
origin
image by
the area

1
1
1
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1
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- VLM-based Anomaly Detection (2/4)

< Triad (2025/ICCV) - M= =H|Ql0f B 5L At= 8= > =HAEo| Cijeh ofs| 71
. HAE ZEDE| NZX 3Y YE 27k L2 + NEDY T2HAMPG HF 27}

- O]& &=k g|o|E FHISk Chain of Thought (CoT) HEHZ O| & Al=tof| CHal A3t

Che ME2 M= 78S 2353 N
(1) = HEE: 2|4 S 1ok 2{0fF §10] 4 X%
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< Triad (2025/ICCV) - 2 & O|M|=H

. LSl O|0|X|QF HIAE MEHE 7|HIOZ DEl Mi| O|MEHN

Language
ot MPG
0|4 o5

l:n;IELfHPZOJOIE'I7<|9I 6’ 6 6’
MPG:

(1) M H|Z: 72|45 WOt
2|0of Slo] 4 1%

i

i

@MY 3. M HHS 42 Lt = 77
=2 &'@@{Q&EAH)Q ZIOE 01|= EJ-l'
(3) A T=: M| THZS 2[4 2 Text Decoder HMo| 2|0{x QL7|0f H|ZE4 L|ct,
o= g4y
Vision
Zak uIy
Oy _ . Proje
\ Vision Encoder ctor (1) H4d RIZE &l 1% SiE Mo 20 & 2|0 > HIHY

O].
i B | .
() M4 T Bl IRrY = Fpd0| = 2 > HEA
O].

(@) 2% 2 2ol 54 Q|2 ZMN RIS > A
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< Triad (2025/ICCV) - 2 & A}
« H|mEM: vanilla Foundation VLM CHH| 5 3 A 7§M
« FEANMFGZEx1} 0/ A0= 20tH0|LE "X oM &
A
T

WHO[X| &
> DIMZY Q0| HIZ3E BEE Fe A2 20| 20| 222 2oE 4+ 2

MVTec-AD WFDD
Model Params
O-shot + MFG Proc. 0-shot + MFG Proc.
GPT-4o[11] |- | 822%  67.9% (43w | 785%  77.3% (12%))
Qwen2-VL [31] B | 77.0% 467%G03%) | 70.6%  452%054%])
LLava-1.6 [22] TB | 769%  759% (10%]) | 63.8%  64.0% 02%))
MiniCPM-V [34] 8B | 623%  51.6%107%)) | 703%  52.1%(18.2%1)

LLaVA-OneVision-si [16] B T1.7%  60.6%(17.1%1) 652%  61.4% (3.3%))
LLaVA-OneVision-ov [16] B 91.0%  80.8%(10.2%)) 79.8%  80.3% (0.5%7)

Qwen2-VL [31] TB | 844%  61.1%33%)) | T44%  61.4%(13.0%))
Qwen2-VL [31] 72B | 87.1%  79.5% (6%l | 811%  74.2% (69%1)
LLaVA-OneVision-ov [16] 72B 87.3%  75.5%(11.8%)) 75.0%  74.6% (0.4%))
Myriad [19] | 7B | 793% 815%eswn | 605%  61.7% (2%
Triad-llava-1.6 7B | 85.0% 87.5% 5wt | 613%  69.9% (2.6%1)
Triad-ov B 91.2% 92.6% (1.4%1) 80.2% 81.1% (0.9%1)
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Algorithm

- VLM-based Anomaly Detection (2/4)
< Triad (2025/ICCV) - A& A1}

=
o OMZHE > 19% St

.+ CoT7lut 2ol 2

oo

= 9 o O
-+ O|OJX|E Cropdt & > 5.2% 4t
>  O[O0JX| Crop QY= K| 22 UHE 582 > & 478 Al RandomE L} X{3} (April-GAN
InstructlAD CoT-M  EG-Rol | 0-shot
Vision Expert Expert P-AUROC base
X X X et | B
76.9% Null - 83.3%
v X X 78.8% AnyRes - 84.0%
v v X 79.8% April-GAN [7] 87.6% 83.0%
/X v s oy Clolir | o1 | v
V / / 850% LS C { e AN e
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% MoXpert (2026/PR)

- LI ME7F2ESS 28010 0l B0 tigt vim YEEE 74

Contents lists available at ScienceDirect

Pattern Recognition

journal homepage: www.elsevier.com/locate/pr

A multi-expert framework for enhancing multimodal large language e
models in industrial anomaly detection Che

Zhiling Chen '~ , Farhad Imani "=~

School of Mechanical, Aerospace, and Manufacturing Engineering, University of C icut, Storrs, Ci icut, USA

[8] Chen, Z., & Imani, F. (2026). A multi-expert framework for enhancing multimodal large language models in industrial anomaly detection. Pattern Recognition, 112752.
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X/

% MoXpert (2026/PR)

. VIME 04 ER|0IA 2 A5 S 01F > J2{LL, OfHY| BEETI 52 oy
. A EHO| Y2 O|0| |9 AE SF X|Aj0] RSN ¥ > Y T

Bottle Cable Pill Fabric

Hazelnut Metal Nut
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% MoXpert (2026/PR)

«  Training-free2 HZ > 2[F 7I0|E Sl0| ZFZETC 2 J| M= A= oHAIE 71

Language

212} g /70|12 / E<to|of.
Z} o|ofx|ojl CHsto] o] & o5

& 23

Vision

Vision Encoder

(1) 8 of2ff 2324X|7} A7|of v AAL|C}.
Text Decoder (2 L& AHlo|=0]| 2{0{A7| uf-Zof ] HAL|CE
(3) & HEof STo| HAUL|CE HITHAQIL|CE,
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% MoXpert (2026/PR)
- FH:VIMO| 2§ X|AZ
O

B2 35}0], Training-free2 & Sl 2 At

O, 2F XM= FYok7| 2ol 3712 HE7tE & &8

o ee n, Language

Knowledge Guid \ Ztzh g / Alo|2 / ¥eto|oF.

2}
Z} o|ofx|oj Chisto] o] & o5

/ = vajy

Reasoning Expert

Vision

] -

Reference Extractor

(1) BG4 eliLfsE ..

Text Decoder (2) HI73AL HLfSHH ..
(3) B4 QfLfSHH ...

‘ - Vision Encoder
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\/
0‘0

Language

o[o|x|2| o|& o{5-E i FH

4

Knowl e Guide

of2} M52 At5| O[O|X| O A Oj5LE QtayZ|

<21 X|4)>

<EHEQ|s HMH EHA

0| OfF2 HAY = OS2 At
=2 2|0[SIH, TR 25 AN 2

HIT g}

MoXpert (2026/PR) — (1) Knowledge Guide

Sk. AR =]
gk HAE £70| Q|

|AI0 ZOISHE A O] =

=
= TI:IE_I_AAE |_-|T'__7|-

R0 CHSt 28 XAl MEE XME > LLIMCZE EHE > 0|0|X|2F S A HE Bt Retrieval

 DBamala )
Domain

Knowledge

/

Description of object 1

= 0=

<transistor>: N\
Possible Defect types: <cut_lead>
Metal leads on the transistor appear
truncated or shorter... Possible
location of each defect: <cut_lead>
At bottom left, center, or right. Effect
of each defect: <cut_lead> ...

Comprehenswe Description of object 2| Context-Specific <pch4>
Descriptor : Relevance Possible Defect types: <Burnt Area>
Expert = Extractor Darker discoloration on the PCB
0 I e surface, often near electronic
\Description of object components, indicating...
(1) 2} ZHE|l 22| of Chet O|Al EFX|Q} BB Ql= ZHES

MIE ZFOI=2+2! (by human)

(3) &9 O|O[X|2t A= =

2 Descriptions
> VM ZEnE0| 7}

<SE 2 BE0| HAIElolof 3 40 TS
T Hlofoks el B B2 2
<O}3> HHER AjRo 2 fr3

7}t
i,
3= QIS FH £4f

-40/57 -

)

ZHZ by M

oz

KOREA UNIVERSITY



Algorithm

- VLM-based Anomaly Detection (3/4)

\/
000

MoXpert (2026/PR) — (2) Reasoning Expert

. ZH:3HHO| FE35I= A0| O, Step-by-Step F2 (Co)2 FEot= HE7t
. QIZINE BHIE 2RO SiZSHE YBS YT, 2HE U HBY 4 UEE RE
Language Language
of2l YEE F15}0q
o[O|X| o] & O} E UEH
EE 7l
0|O|X| 0|4} 0512 2tayx| r— a m— Stept O[0[xlo] 814l SIS B
Reasoning Expert

A

[=]

Step2 7t5et SHE
-I85> N 7ksE

-IRE > 22|15 324 7ks Y

A A [
-HA S R TS
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\/
0‘0

MoXpert (2026/PR) — (3) Reference Extractor

-  ZH: Y= 0|0|X]| 0 SIEE Y2 4= U= Reference O|0|X|E 27H| &
K AF AH

-

off CHSH O|O|X| 74 &8 > VLMO| EH MEZ 1} X310 O|AH0{ & THEE 7

o

Language

B2l Reference O|0|X|2} a a a
H|35t0]

o[ojx|2| o]& G{F-E HEFH

Text Decoder H|7d . QfLISHH ...

Vision

Vision Encoder
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< MoXpert (2026/PR) - (4) &&
- HEZIES XA S EHM VM d& 7iH

Language
=?0%’0% ofzj e} o|O|X|E H1
5101 014t O} 2%

\\A [EI}||°|X|*']
Knowledge Guide <EHRQL
<HEFE
<OtE>
°_0
wedls / BElols)
= Stepl. ..
. S
Reasoning Expert Sz

Vision
_ . aaa
7 SR ' Vision Encoder

Reference Extractor
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< MoXpert (2026/PR) - (5) =27} 1™
- N dEE0| NtESHH VIMO| =&

—_ -

o
= (]
- =HJ"Y E8 ©27tE H5H= Router HESRIAE F7Hots

fujo
N
[0

Reference Extractor [/ With the help of all these experts, can you describa}

the appearance and effect of the defect?
Knowledge Guide [/

Reasoning Expert [ The defects are rough and uneven. They
can cause overheating or a short circuit.

Reference Extractor [/

With the help of all these experts, can you
describe the type of the defect?

Knowledge Guide [/

Reasoning Expert [/

Reference Extractor [/

[ Knowledge Guide
i Reasoning Expert

MoXpert

With the help of our MoXpert, can you describe
the type of the defect?
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< MoXpert (2026/PR) - (5) =27} 1™
«  (OO]X|, E&)0f CHsh 17to] 2™ ME7FE2| £[H =T 2f|0|=& (ex. [1, 0, 11 = 87l & Best)
Y:

«  X:{O|O|X| Feature + & 20| Cist EIAE Feature} < Y: M E27}E0| X|& =gt

Language
Text Encoder
O|O[X] LYf O[O RU04?

— Router - -
u ] Network [1' ?’ 1]

Vision

Vision Encoder
k

owl Iedge Guide ning Bpert ference Extragtor
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< MoXpert (2026/PR) - (6) %|Z I}o|= 2}l
@ FO{Xl HIAE & O|0|X|E 7|82 2 Router NetworkO| A ME7}F MH

@ SIS I|HoR 93 HAE g 0|0jK| B > O S

Language

oz M E xtnsiof a a a

=
=2 0O
0|O|x| o] & oS 2iFH

Qwledge Gu de\

Reagfning Nepert Text Decoder H| Ak ofjLtstH |

Vision a a a
Vision Encoder
y
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< MoXpert (2026/PR) - & Z1}
- HIX|Or= O|0|E{0f CHol Ol B X| ds 24|

ot
z

o O

Table 1 Table 2

Accuracy score (%) on MVTec-AD for five tasks: Anomaly Discrimination, Defect Classification, Defect Localization, Defect Descrip- Accuracy score (%) on VisA for five tasks: Anomaly Discrimination, Defect Classification, Defect Localization, Defect Description, and

tion, and Defect Analysis, with dataset-specific average. Defect Analysis, with dataset-specific average.
Model Scale  MVIecAD Average Model Scale  SA Average

Discrimination Classification Localization Description Analysis Discrimination Classification Localization  Description Analysis

Random Chance - 50.00 25.00 25.00 25.00 25.00 30.00 Random Chance - 50.00 25.00 25.00 25.00 25.00 30.00
GPT-40 - 77.52 84.94 88.55 92.17 95.18 87.67 GPT-40 - 67.16 61.51 59.82 70.59 76.10 67.04
GPT-40-mini - 74.22 71.78 62.62 79.72 90.62 75.79 GPT-40-mini - 69.13 59.24 60.15 70.08 75.15 66.75
Gemini-2-flash - 83.80 72.37 73.18 77.82 90.37 79.49 Gemini-2-flash - 74.45 58.49 50.79 67.56 77.04 65.67
Gemini-2-flash-lite - 82.79 70.87 69.57 77.25 89.46 78.02 Gemini-2-flash-lite - 69.87 54.71 52.38 68.99 70.42 63.27
AnomalyGPT 7B 82.84 27.80 28.33 34.62 34.36 54.78 AnomalyGPT 7B 74.88 27.23 28.91 38.66 32.42 40.42
InternVL2 4B 70.96 44.81 66.97 59.52 87.39 65.93 InternVL2 4B 63.29 2017 53.71 58.15 70.25 53.11
InternVL2 8B 76.88 51.04 59.18 64.55 85.73 67.48 InternVL2 8B 68.85 35.04 55.81 59.24 75.24 58.84
MiniCPM-V2.6 8B 72.50 64.07 68.65 79.55 90.04 74.96 MiniCPM-V2.6 8B 64.41 50.67 57.73 69.50 68.44 62.15
LLaVA-NeXT 7B 78.42 45.23 64.96 68.18 87.14 68.79 LLaVA-NeXT 7B 56.98 40.08 58.90 62.86 68.87 57.54
LLaVA-OneVision 7B 94.09 79.59 78.12 83.18 91.29 85.25 LLaVA-OneVision 7B 76.46 52.44 60.40 68.49 75.92 66.74
Qwen2-VL 2B 73.21 60.08 65.46 74.86 88.63 72,45 Qwen2-VL 2B 59.79 37.31 58.15 66.81 68.53 58.12
Qwen2-VL 7B 82.26 68.46 76.11 82.19 92.28 80.26 Qwen2-VL 7B 73.00 57.06 63.41 7471 77.82 69.20
Qwen2-VL (+MoXpert) 7B 89.65(+7.39) 72.86(+4.40) 76.11(=) 8557 (+3.38) 93.20(+0.92) 83.48 (+3.22) Qwen2-VL (+MoXpert) 7B 7679 (+6.79)  62.35(+529) 63.41 (=) 74.03 ( ) 79.11(+1.29) 7114 (+1.94)
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% MoXpert (2026/PR) -

« D8l 37| ¥ Reference Extraction 21} 7B 555t 2

M¥zm

—_'—I
>  2BE ZH0|A= Reference O|0[X|E & FLESHA| £ > 25|8 LO|=2 X&

Defect Defect
Model Setting Classification Description Mean
0 shot 48.70 70.84 66.16
Qwen2-VL 2B 1 shot 46.95 ( ) 70.11 ( ) 65.31 ( )
1shot* 46.87( ) 70.07 ( )] 65.34 ( )
0 shot 62.76 78.45 75.97
Qwen2-VL7B 1 shot 67.12 (+4.36) 79.18(+0.73) 7B.79(+2.82)
1shot* 67.61(+4.85) 79.80(+1.35) 79.20(+323)
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Oojx|2| O o1 R

- VLM-based Anomaly Detection (3/4)

< MoXpert (2026/PR) - A& Z 1}

=
+  Knowledge Guide 21} =7}% Q| X[A]0| Z&Z! [If L=
A

> 50| ZHE XAE 28 Al 90l HE g

Knovdedge Gude

ORE S M ORI Of4 PV TR

Defect Defect
Model Method Classification Description Mean
w/o0 EK 4482 67.21 56.02
Qwen2-VL 2B + DK 45.10 (+0.28) 7070 (+3.49) 57.90 (+1.88)
+ CSK 46.87 (+2.05) 70.07 (+2.86) 58.47 (+2.45)
w/0EK  63.55 78.75 71.15
Qwen2-VL 7B + DK 65.98 (+2.43) 79.31 (+0.56) 72.65 (+1.50)
+ CSK 67.61 (+4.06) 79.80(+1.05) 73.71(+2.56)
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% VERA (2025/CVPR)

Training S{0] &l

|m
A

S2w= 42or0] VIM 7|8t H|L| 2 Of4f &X| ds 7

VERA: Explainable Video Anomaly Detection via Verbalized Learning of
Vision-Language Models

Muchao Ye!* Weiyang Liu?> Pan He®
"The University of Towa 2Max Planck Institute for Intelligent Systems, Tiibingen >Auburn University

!muyeQuiowa.edu ?weiyang.liu@tuebingen.mpg.de *pan.he@auburn.edu *Corresponding Author

https://vera-framework.github.io

[9] Ye, M., Liu, W., & He, P. (2025). Vera: Explainable video anomaly detection via verbalized learning of vision-language models. In CVPR.
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% VERA (2025/CVPR)

R ==V}

e _ L-—

M Z[gh HIC|2 Ol EX|=
*  Motivation: 74| 5@l EZS oILtH VIM d52 20=2 & UK ES717

Detailed Fine-Grained Prompt Question:

Do you see punching, kicking, or wrestling on Answer: Yes!
the ground? o :
) ) People are confronting and
Are two or more people physically attacking . . .
each other? @ attacking. It is anomaly.
Is there any anomaly event happening in this
video? =

NS
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% VERA (2025/CVPR)

«  Leamer2} Optimizeref= VLM AgentZ “32[510] £|H EZ2 4= (Tj2f0[H F'9

: : = = 5 x o E C X
«  Validation HIO|HZ =X HF 4= > oid 22 7|92 Z Test HO|HE EF F&
. XI == Yol A >
«  Leaner: 20| CiSI0] 24 SEH2| O| K| B A=
= . = XIaBo A =)
«  Optimizer: 7| = EES $78510] 7= 225 H[eF
[nput Video Frames 7@ Guiding Questions @, (Learnable Parameters) ——% Forward Pass for Prediction
== T 1. Are there any unusual movements of the vehicles in the video frames? | = |===== < Backward Pass for Optimization l
2. Are there any unusual behaviors of the people in the video frames? Undat
3. Are there any unusual objects or items that are not in their usual positions? (ef======== 2 S Optimizer f(ﬂ
= 4. Are there any objects of people that appear out of place in the scene? 'y
Ground Tl'“th y 5. Are there any individuals that appear to be in an unusual state of motipn? |<=========ssssssss=sss====== H :
h 4 N Batched Inputs, Predictions, v |
> O Leamerf — Prediction 7} ----p and Ground Truths ____, 1,0
—') Lk Voarch ?batch: Yoatch
[OI = | ]
[OI E=|]
=7 1) S = A
1) S g
== VS 2) Learner01| 1 0| =3 Anomaly Score
2 HEME
B ly O & 3) Ground Truth
[E5] Anomaly K+ [E3] M2e e NE

HEE 716l = Valid Accuracy?}
N 7HME|X| 222 H Stop
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< VERA (2025/CVPR) - A& Zin}
- Z|EYH=EZ CHH| 40| 3A

odt—=

o
«  QIZo] A &£ EE0HH|LME U= 5%0|d 950 A e

Method | AUC

Non-Explainable VAD Methods

Hasan et al. [13] 50.32

Lu et al. |25] 53.56

BODS [38] 57.32 : .

T uestion T AUC (%

GODS [38] 61.56 Q I (%)

RareAnom |34] 68.33 No guestions 78.81
Explainable VAD Methods Manually written questions by human 81.15

LAVAD [52] 85.36 Learned questions w/o iteratively inputting Viaten 1n Eg. (2) | 78.06

ZS CLIP [52] 3821 : . . _

7S IMAGEBIND-I [52] | 58.81 Iteratively learned questions (used in VERA) 86.55

7S IMAGEBIND-V [52] | 55.06

LLAVA-1.5]20] 79.62

VERA 88.26

Table 3. AUC (%) on XD-Violence.
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Conclusion

Vision-Language Model-based Anomaly Detection
Language
Q olmlx| Lj o]44o] glof?
(=02l X|4) - Al 2L ...

' Text Decod A|0|20] UL $|0j9l= FAf0| B
Vision (Image or Video) ext Decoder QiALicH STt ojo|X|=

Vision Encoder

(Image or Video)
U Hell | 2R F7tskE | 43 o|ojx| 74 M U HAE Il M
@ Triad (2025/ICCV) o|O|x| o) 82 XY Crop | EHQ XA T FEHA THM
@ MoXpert (2026/PR) | O|O|X] A ‘o o|0[X] & | EMQl X|Aa} FESE] MM
3) VERA (2025/CVPR) H|C| 2 X X 2HE MM
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Appendix

- Vision Language Model (2/3)

% LLaVA (2023/NeurlPS — Microsoft)
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