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1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Exploring Intrinsic Normal Prototypes within a Single Image for

Universal Anomaly Detection

[CVPR’25]
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• Problem formulation

▪ Intra-class normal variation

−동일 class 내에서도정상(normal) 상태가다양하게나타남

− Few-shot AD에서는 train set의 normal과 test set의 normal이달라성능저하를유발

▪ Inter-class normal variation

−서로다른 class 간에도정상상태가다르게나타남

−서로다른 class의 patch를비교할때 normal과 anomaly를혼동할수있음

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Introduction

(a): 동일한 hazelnut 클래스에서도 train과 test 간 normal patch의특성이달라질수있음
(b): hazelnut 클래스의 normal patch가 cable 클래스의 anomaly patch와혼동될수있음
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• Problem formulation

▪ Intrinsic Normal Prototype (INP)

−해결방안

҉ Test 이미지내에서내재된정상패턴을동적으로추출하여사용

−기대효과

҉ No intra-class normal variation

✓클래스내부의정상패턴다양성을극복

҉ No inter-class normal-abnormal confusion 

✓서로다른클래스간정상-이상혼동방지

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Introduction
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• Overall architecture

▪ 전체적으로 encoder, bottleneck, decoder 구조로전형적인 reconstruction 기반 AD 모델구조

▪ 추가적으로 INP extractor와 INP-aware cross attention 모듈을추가하여성능을개선

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Method

< INP-former 전체아키텍처 >
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• Overall architecture

▪ 전체동작과정요약

− Step 1. 입력이미지에대해 pre-trained encoder(DINOv2)를사용해 level별 patch tokens를추출

− Step 2.1. 추출된 patch tokens와 INPs를 INP extractor에입력하여정상패턴을학습

− Step 2.2.  Patch tokens와 INPs를결합해 bottleneck에전달

− Step 3. Bottleneck 출력과 INPs를 decoder에입력해 patch tokens를재구성

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Method

< INP-former encoder-decoder 구조 >

Step 1. 입력이미지에대한 feature 추출

Step 2.1. 대표정상패턴 prototype 추출

Step 2.2. level 별 feature 통합

Step 3. 정상패턴을고려한 feature reconstruction 수행
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• INP Extractor

▪ 동작과정

− Step 1. Test 이미지의 patch token과학습가능한 learnable token을초기화

− Step 2. 두 token들을 cross-attention ViT의입력으로사용하여 INP token을생성

− Step 3. INP token과 patch token과의 coherence loss를통해 INP token이정상패턴을학습하도록유도

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Method

< INP extractor 동작 과정 > < INP coherence loss 수식 >

𝑤ℎ𝑒𝑟𝑒 𝑆(·,·) 𝑑𝑒𝑛𝑜𝑡𝑒𝑠 𝑡ℎ𝑒 𝑐𝑜𝑠𝑖𝑛𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

결론적으로 INPs와 patch token이유사해지도록학습

𝑷𝒂𝒕𝒄𝒉 𝒕𝒐𝒌𝒆𝒏 (𝑯′𝑾′, 𝑫) ≈ 𝑰𝑵𝑷𝒔 (𝟔, 𝑫)

대표성만학습
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• INP Extractor

▪ 한계점

− INP coherence loss는입력이미지와 INPs 간의거리를최소화하도록학습되며, 이를통해 test 

이미지의 abnormal region을효과적으로검출가능

−그러나 background noise나 weak normal region에대해서는구분성능이떨어지는한계가존재

−특히, 배경잡음이강하거나정상패턴의경계가불명확한경우, 이상영역과혼동할수있음

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Method

(a): Input image, GT

(b): Attention map (w/o Coherence loss)

(c): Attention map (w/ Coherence loss)
< Background noise 예시 >
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• INP-Guided Decoder

▪ 추출된 INPs를활용하여 feature를재구성

− Test 이미지에서추출한 INPs를기준으로 patch tokens를재구성하여 anomaly map을생성

▪ 효율적인 attention 구조적용

− Encoder와 동일한구조를기반으로기존 self-attention을 INP-guided attention으로대체

− INP-guided attention은계산량과메모리사용량을크게줄이면서도성능을유지

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Method

< INP-aware decoder 동작과정 > < Self-attention/ INP-guided attention 비교표 >
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• Implementation details

▪ 환경세팅

− GPU: RTX 4090 1개

− Resize: 448 x 448

− Learning rate: 1e-4

− Epochs: 200

− Scheduler: StableAdamW

• Universal anomaly detection

▪ 실험

− Single-class anomaly detection 

− Multi-class anomaly detection

− Few/zero-shot anomaly detection 

− Super-multi-class anomaly detection

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Experiment
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• Single-class AD

• Multi-class AD

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Experiment
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• Few/Zero-shot AD

▪ 단일이미지에서정상패턴을추출하는능력

− Test 이미지에서 INPs를추출한뒤입력 feature와비교하여 defect를검출함

−이러한방식덕분에 few-shot 및 zero-shot 설정모두에서활용가능

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Experiment
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• Super-multi-class AD

▪ 3가지데이터셋을통합해학습및평가를진행

−각데이터셋별성능과비교했을때, 소폭의성능감소만나타남

▪ INP extractor의강건성확인

− INP extractor가정상패턴을효과적으로추출하기때문에, 다양한데이터셋통합상황에서도높은
성능을유지

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Experiment
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• Qualitative results

▪ 제안한방법의이상탐지성능을정성적으로확인하기위해, 세가지데이터셋(MVTec-AD, 

VisA, Real-IAD)에서의 anomaly localization 결과를시각화

▪ 각데이터셋의다양한클래스에서입력이미지와이상영역의 anomaly map을비교

▪ 모든데이터셋에서정상영역과이상영역이명확하게구분되며, 작은이상패턴도잘
탐지함을확인

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Experiment
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• Ablation

▪ Intrinsic normal prototype 분석

− INPs attention map 시각화

҉ 6개의 attention map 모두 defect와는관계없이서로다른정상패턴을학습

− INPs 개수에따른성능변화분석

҉ INP 개수가 4 이상일때학습이안정화되며성능이향상됨

҉ 그러나개수가너무많아지면 abnormal token까지학습해오히려성능이감소함

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Experiment
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• Logical anomaly detection

▪ Defect type: misplaced

−Cable처럼 misplaced 영역이 background distribution과다르면검출가능

−하지만 Transistor처럼 misplaced 영역이 background와유사하면검출어려움

҉ INP extractor가 anomaly 영역을 INPs로추출하고, INP-guided decoder에서이를복원하기때문에
background와유사한패턴은구분하기어려움

1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Limitation
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1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and 

Segmentation in Zero-Shot Learning

[ICCV’25]
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• CLIP-based Anomaly Detection

▪ Training phase

− Text embedding과 image embedding 간의 similarity map을계산하고, 이를 GT mask와비교해 loss를
통해 text-image간의 alignment를학습하도록함

▪ Inference phase

−학습된 alignment 능력을기반으로 target image와 text prompt 간의 similarity를계산해
normal/abnormal을판별

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Background

< WinCLIP 전체아키텍쳐 >
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• Problem formulation

▪ Defect type estimation의중요성

− Defect의유형(type)을알면보다정확하고효과적인대응이가능

−또한생산라인에서발생하는결함에대해근본적인대처가가능

▪ 이전연구들의문제점

− Defect의유형을구별하는것보다 defect를검출하는데초점을맞춤

− Pre-trained vision-language model에내재된결함유형지식을활용하지못함

−특정도메인에서의 fine-tuning은 overfitting을유발해중요한지식을상실함

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Introduction

< 이전연구들의접근방식 >
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• Problem formulation

▪ 이전연구들의모델구조문제점

−기존방법들은각 text prompt별로최종적으로 average pooling을적용해 image embedding과의
similarity를계산. 하지만이러한 average pooling 과정에서중요한정보가손실될수있음

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Introduction

< 모델구조비교(좌), 각모델들의 text embedding 시각화(우) >
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• Overall architecture

▪ 전체적으로 CLIP 기반 Anomaly Detection 모델구조를따름

▪ Few-shot 및 Zero-shot AD를모두수행할수있도록 inference 단계설계

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Method

< MultiADS 전체파이프라인 >
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• 학습과정

▪ Step 1. Text prompt 구성

−데이터셋에서발생가능한모든결함
유형을사전에정의

−각결함유형에대해여러형태의 text 

prompt를생성

− Training set과 test set의 prompt 종류는
서로다르게설정

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Method

< VisA dataset의모든결함종류 >
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• 학습과정

▪ Step 2. Text/Image embedding

− CLIP encoder를통해 text embedding vector 𝑧𝑡와 image embedding vector 𝑧𝑥, 𝑒𝑖
𝑝
를추출

҉ Text embedding 𝑧𝑡 은각결함유형에대해 average pooling을적용하여 𝑘1개를생성

҉ Image patch 𝑒𝑖
𝑝

 는각 level 별로 4개의 feature map을 가져옴

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Method
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• 학습과정

▪ Step 3. Aligning Image Patches and Text Prompts

− CLIP encoder를통해 text embedding vector 𝑧𝑡와 image embedding 𝑧𝑥, 𝑒𝑖
𝑝
를추출

҉ 𝑧𝑡 : 각결함유형별로 average pooling을적용해 𝑘1개의 text embedding 생성

҉ 𝑒𝑖
𝑝

 ​: 이미지의각 level에서 4개의 patch token을추출하고, single linear layer를통과해생성

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Method

Image-level

Patch-level

: Matrix Multiplication
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• 학습과정

▪ Step 4. Training objective

− CLIP encoder를통해 text embedding vector 𝑧𝑡와 image embedding vector 𝑧𝑥, 𝑒𝑖
𝑝
를추출

҉ Text embedding 𝑧𝑡 은각결함유형에대해 average pooling을적용하여 𝑘1개를생성

҉ Image patch 𝑒𝑖
𝑝

 는각 level 별로 4개의 feature map을 가져옴

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Method

< 최종 focal / dice loss 수식 >
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• 평가과정

▪ Zero-shot AD

− Text embedding vector와 query image embedding vector 간 similarity를계산해 anomaly map 생성

− anomaly map의최댓값과평균 anomaly score를결합해최종 anomaly score로사용

▪ Few-shot AD 

− Zero-shot AD와동일하게진행한후, normal image에대해서도 image embedding vector를추출

− query image embedding과 cosine distance로 similarity map 생성 후, text–query image 간 similarity 

map과평균을내어최종 anomaly map 생성

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Method
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• Implementation details

▪ 환경세팅

− CLIP: ViT-L-14-336 from OpenCLIP (LAION-400M E32)

− Learning rate: 1e-4

− Batch size: 8

− Features are selected from layers: 6, 12, 18, and 24.

• Anomaly detection

▪ 실험

− Few/zero-shot anomaly detection 

− Super-multi-class anomaly detection

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Experiment
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• Few/zero-shot anomaly detection

▪ Few/Zero-shot 성능모두최신모델들과비교
시, 우수한성능을보임

▪ 특히 Image-level 성능은모든데이터셋에서
최고성능을보임

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Experiment
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• Ablation

▪ Knowledge Base for Anomalies(KBA)검증실험

− KBA를기반으로생성한 prompt의효과를검증하는실험을진행

− KBA를사용한경우, 사용하지않은경우보다성능이향상됨 (VisA에서 6.6%, MAD-sim에서 1.0% 

향상)

▪ Seen/Unseen defect type 별성능분석

−학습단계에서관찰된결함유형(scratch, hole 등)은쉽게검출됨

−학습단계에서관찰되지않은결함유형(mismatch, stuck 등)은상대적으로낮은정확도를보임

−그러나학습데이터에존재하지않는결함에대해서도일정수준이상의일반화성능을유지함

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Experiment

< KBA 적용여부에따른성능비교 > < Seen/Unseen 결함유형별세부성능분석 >
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• Ablation

▪ 단일 이미지내 multi-defect type 검출시각화

−하나의이미지안에존재하는서로다른유형의결함들을동시에검출가능함을시각적으로확인

▪  비교모델과의정성적성능비교

− April-GAN 등기존방법과의시각적결과를비교

−제안된방법이복합적이고미세한결함까지잘검출하는성능을보여줌

− Anomalous region에 anomaly score가더높으며, 이는 normal과 abnormal의 distribution 차이가더
크다는것을의미함

1) Sadikaj, Ylli, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

Experiment

< 단일이미지내 multi-defect type 검출시각화 > < 비교모델과의정성적성능비교>
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