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• Background

▪ Anomaly detection1

▪ Few-shot anomaly detection

▪ Zero-shot anomaly detection

• Paper 1

▪ AnomalyGPT: Detecting Industrial Anomalies Using Large Vision-Language Models 

(AAAI 2024)

• Paper 2

▪ Towards Zero-Shot Anomaly Detection and Reasoning with Multimodal Large 

Language Models (CVPR 2025 Highlight)

Outline
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• Anomaly detection

▪ Normal(정상) sample과 abnormal(비정상, 이상치, 특이치) sample을구별하는문제

▪ Anomaly detection은제조업뿐만아니라 CCTV, 의료영상, Social Network 등
다양한분야에서응용되면서중요한분야로인식

Background

< 산업용 anomaly dataset의예시 >
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• Few-shot learning in anomaly detection

▪ Train 

−A, B, C class로 normality, anomality 학습

▪ Test

−A, B, C class로학습된 weight를기반으로 D class의 support set(k개의 normal sample)으로
재학습한뒤, D class의 Query set(normal, anomaly 데이터공존)로 inference

Background

Train Test

Model ModelD
A B

C

Support set

Query set

K개이미지
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• Zero-shot learning in anomaly detection

▪ Train 

−A, B, C class로 normality, anomality 학습

▪ Test

−A, B, C class로학습된 weight를기반으로 D class로 inference

Background

Train Test

Model ModelD
A B

C
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• Vision-Language Model in anomaly detection

▪ CLIP 모델

−Text encoder와 image encoder로구성

҉ ImageNet으로 pretrain되어있음

−두 encoder의 output을 fusion하여 anomaly score 산출

Background
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AnomalyGPT: Detecting Industrial Anomalies Using 

Large Vision-Language Models
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• LLM with anomaly detection task 설명

▪일반적인 AD 모델 : anomaly score

▪일반적인 LLM 모델 : image description (not correct)

▪ LLM with AD : image description (correct)

Paper 1 
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• LLM with anomaly detection task 설명

▪일반적인 AD 모델 : anomaly score

−Question & Answer 기능 X

▪일반적인 LLM 모델 : image description (not correct)

−Normality, anomality 학습 X

▪ LLM with AD : image description (correct)

Paper 1 
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• Overview

▪목표 1 : pretrained LLM을 AD task에 finetuning 시키기

▪목표 2 : normality, anomality 학습

Paper 1 
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• Method

▪ Image Decoder

Paper 1 
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• Method

▪ Image decoder

− Image, text features

҉ Pretrained encoder의각 4개의 stage에서 patch-level feature를추출한뒤, aggregate

҉ Image, text feature의 align(차원)을맞추기위해 learnable한 linear layer 사용하여
align을맞춤

−Text feature는 normal prompt, abnormal prompt로구성되어있어, 각 prompt에대한 text 

feature에 visual feature를아래와같이연산함

−동일한 image encoder를사용하여 normal 샘플의중간 patch-level feature를추출한뒤, 

이를 memory bank (B)에 저장함

҉ 각 patch와 memory bank내에가장유사한 feature간의거리를계산하여 localization 

results를 얻음

Paper 1 
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• Method

▪ Prompt Learner

Paper 1 
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• Method

▪ Prompt Learner

−이미지내의 fine-grained semantic를활용하고, LLM과 Decoder 간의의미적
consistency를유지하기위해사용

҉ Localization results를 prompt embeddings로변환함

−Decoder의 output과무관하게 learnable한 base prompt embedding을 prompt learner에
통합하여추가적인정보를제공함

▪모듈구성

−Learnable base prompt embeddings

−Convolution neural network 

҉ Localization results M을 prompt embeddings로변환

−두 prompt embeddings는 concat하여 LLM의 input으로들어감

Paper 1 
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• Method

▪ Data for Image-Text Alignment

−정상이미지에 augmentation을적용하여임의의 anomalous 이미지생성

҉ Cutpaste, Poisson 기법을사용함

҉ Cutpaste는임의의구역을잘라랜덤하게붙여넣는기법으로, 해당기법을적용한
이미지는부자연스러운경향을보임

҉ 위문제를해결하기위해 Poisson 기법을추가로적용하여해결함

✓Poisson은 Poisson partial differential equations를적용하여자연스러운이미지를
만드는데기여함

Paper 1 
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• Method

▪ Question and Answer Content

−LLM의 prompt tuning을위해 anomalous image에기반한 textual queries를생성함

−각 query는 2가지요소로구성됨

҉ Input image의 description

✓This is a photo of bottle, which should be brown and without any damage, flaw, 

defect, scratch, hole or broken part

҉ Object내의 anomalies 존재여부

✓Is there any anomaly in the image? 

−LLM은 2가지유형의대답을하도록구성됨

҉ Anomaly가있다면 : 

Yes, there is an anomaly in the image, at the bottom left of the image.

҉ Anomaly가없다면 : 

No, there are no anomalies in the image.

Paper 1 
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• Method

▪ Detailed Image Description

Paper 1 
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• Method

▪ Question and Answer Content

−Anomaly가있다면 : 

Yes, there is an anomaly in the image, at the bottom left of the image.

−이미지내의 anomaly 위치를표현하고자, 이미지를 3x3 grid로나눠 LLM이각구역을
언어로나타낼수있도록구성함

−설명형문장은 LLM이이미지내용을더잘이해하도록돕는역할을함

Paper 1 
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• Method

▪ Loss functions

−Decoder와 prompt learner를학습시키기위해, 3가지 loss를사용함

−Cross-entropy loss

҉ Language model을학습시키기위해사용

҉ 모델이생성한 text sequence와 target text sequence간의 disparity를정량화

−Focal loss

҉ Object detection, semantic segmantation task에서 class imbalance 문제를해결하기
위해사용

҉ Cross-entropy loss의 weight distribution을조절

−Dice loss

҉ Semantic segmentation task에서자주사용하며 dice coefficient에기반함

Paper 1 
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• Experimental results

▪정량적결과

Paper 1 
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• Experimental results

▪ Question and Answering 

Paper 1 
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• Experimental results

▪ Question and Answering 

−다양한 LLM과비교실험결과

҉ 이상, 정상여부

✓일반적인 LLM은전혀다른
답변을제공하거나
일부만맞는답변을제공

҉ 이미지설명

✓일반적인 LLM도올바른
답변을제공함

Paper 1 
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Towards Zero-Shot Anomaly Detection and 

Reasoning with Multimodal Large Language Models
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• 기존 LLM 기반 anomaly detection의한계

▪기존방법들은단순히이상여부만예측할뿐, 왜이상인지에대한설명이부족함

−Reasoning

▪  사용자입장에서모델이이상이라고판단한이유를시각적근거와함께
설명해주기를기대함

−최신 MLLM인 GPT-4o 조차도 anomaly detection은수행하지만그원인에대한설명은
정확성이떨어짐

Paper 2 

GPT_4o

Ours
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• Preliminary

▪ MLLM을처음부터학습하는것은방대한데이터와계산자원이필요함

−즉 visual, textual embedding space를 align하고 robust한 instruction-following capabilities를
develop하는데큰비용이필요함

▪ Pretrained MLLM은일반적인 domian에선잘작동하지만, 특화된 domain에선
열등한성능을보임

−이문제를해결하기위해, auxiliary specialist or expert model을 design해서 pretrained 

MLLM이중요한 visual tokens를잘선택하고활용할수있도록유도함 

▪ Base MLLM으로는 LLaVA-OneVision 모델선택

−Visual encoder : 이미지로부터 visual 정보를추출

−Projector : visual feature space와 textual feature space를 align

−LLM : textual instruction 처리와복잡한추론

▪ CLIP은 input image resolution이고정되어있기때문에, LLaVA-OneVision은
AnyRes와 pooling 기법을사용하여 input image resolution을 up scaling함

−High resolution image를 prototype수의 crop으로나뉘며, visual encoder는 image crop을
독립적으로처리한후 spatial pooling 적용함

Paper 2 
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• Overview

Paper 2 
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• Overview

▪ Human involvement를피하고 complexity를줄이기위해, text encoder를제거하고
visual model 자체가의심스러운 class나 object에대한정보를해석하도록함

−Visual feature는 look-back path에서 global description을제공하는데활용됨

▪ Multi-level feature와 global embedding을바탕으로, LTFM 모듈은의심스러운
token을인식하고 localization 수행 

−사람의시각적 inspection 과정에서의심스러운객체나영역을먼저식별하고그후에
자세히살펴보는행동에서영감을받아, VT selector 모듈을설계함

҉ 중요한 visual token을 aggregate하고, LLM이 instruction을처리하는데도움

✓무수히많은 visual token 중중요한 token을찾도록도움

Paper 2 
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• Method

Paper 2 
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• Method

▪ Look-Twice Feature Matching (LTFM)

−Look-back path에서제공된 global object information(𝑣𝑗
𝑖)을기반으로, class-awareness 

abnormality description을생성함

҉ 𝑣𝑗
𝑖의중요한 token을 select하고 fuse하며, Positive/Negative embedding과 concat함

҉ 2개의 MLP를통해 normality/abnormality description을생성하도록함

−Cosine similarity와 softmax 연산을결합해서각 patch token이 anomalous pattern에속할
가능성을계산함

−이후모든 map은 low-level ~ high-level까지 token 중요도를포착하기위해평균화됨

▪ Visual feature는 forward, look-back path 경로에서 2번사용됨

Paper 2 
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• Method

Paper 2 
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• Method

▪ Visual Token Selector (VT selector)

−Visual token은풍부한 visual information을제공하지만, LLM은 specific task에
adapt시키기위해선 가장유용한 information을선택해야함

−LLM이해당 domain에충분한지식이없는경우, token 선택과정은복잡해짐

҉ 따라서어느 token이중요한지를아는 expert를도입함

Paper 2 
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• Method

▪ Visual Token Selector (VT selector)

− Image에대한 visual token과 LTFM에서얻은중요도 map이주어졌을때, 의심스러운
token은두 tensor의직접곱하여강조됨

҉ 정상 token은 0으로 scaling

҉ 이상 token은유지됨

҉ 이후 spatial average pooling이 token 수를줄이기위해적용됨

Paper 2 
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• Method

▪ Visual Token Selector (VT selector)

−이후 Q-Former를통해가장 의심스러운 visual token을 aggregate함

҉ Q-Former는 BLIP-2에서처음제안된모듈

҉ Query 기반으로중요한정보를뽑아내는구조임

−Pooling된 token(q)을기반으로원본 visual feature (𝑣𝑗
𝑖)에서가장관련있는 token만

aggregate함

Paper 2 
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• Inference

Paper 2 
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• Inference

▪ Anomaly Prediction

−모든 crop된이미지의 anomaly information를 중요도 map에따라가중평균하는
방식으로 aggregate함

−Aggregate된정보(𝑟(𝐼))에대하여 MLP를통과시켜 normal/abnormal semantics를 식별함

−Sigmoid로 anomaly score 계산

Paper 2 
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• Inference

▪ Text Generation

−VT Selector로부터얻은 (r I , 𝑣𝑗
𝑠)와 𝑣𝑗

𝑖  를 concat하여 LLM에전달하는대신

두 token 사이에 “<adv> suspicious feature:” 라는 indication prompt를삽입

҉ LLM이 anomaly-related instruction를처리할때선택된 token을강조할수있도록함

҉ “<adv>”는 {highly, moderately, slightly} 중에서선택되며, 이는 score(I)와미리
정의된 threshold에따라결정됨

✓Input image I가높은 anomality를갖는경우, LLM은선택된 token에더큰
중요도를부여함

Paper 2 
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• Experiments

Paper 2 
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• Experiments

Paper 2 
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Thank You
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