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• Background

▪ 3D(Point cloud) Anomaly detection

▪ VLA(Vision Language Action)

• Paper 1

▪ Towards Zero-shot Point Cloud Anomaly Detection: A Multi-View Projection 

Framework [IEEE TSMC 2025]

• Paper 2

▪ CoT-VLA: Visual Chain-of-Thought Reasoning for Vision-Language-Action Models 

[CVPR 2025]

Outline
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• Anomaly Detection

▪정상데이터분포를학습하고, 이를벗어나는샘플을이상으로탐지하는문제

• 2D AD의한계

▪이미지및영상은깊이, 기하학적구조와같은 3D 정보소실과 occlusion에취약

• 3D AD

▪ Data type: point cloud, depth map, mesh …

▪ 2D 모달리티대비데이터수집의어려움

▪이에따른 few/zero-shot model 필요

=> Towards Zero-shot Point Cloud Anomaly Detection: A Multi-View Projection Framework

Background
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Towards Zero-shot Point Cloud Anomaly Detection: 

A Multi-View Projection Framework

[IEEE TSMC 2025]

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).
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• Unsupervised 3D Anomaly Detection

▪ Data Collection: 2D image 대비 point cloud data를수집하는데비용큼

▪ Cold Start Problem: Normal data 조차수집할수없는경우존재

▪ Separate Model Training: 학습에사용한단일 class에대해서만적용가능

• Zero-Shot 3D Anomaly Detection

▪ Zero-Shot Image AD에서는 VLM을활용한 method 제안

▪ Point cloud AD에서도이를활용하기위해 MVP framework을제안

Introduction

model

3

model

2

model

1 model

Target – Target
Annotated Auxilary – 

Arbitrary(unseen)

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Figure 1: Unsupervised vs. Zero-Shot ]
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3D point cloud를바로 VLM에서다룰수없기때문에 depth image를생성해서 anomaly score/map 계산

• Overall Process

0. Point cloud data alignment

1. Multi-view projection: Pcd를여러각도에서투영시켜 N개의 2D depth image 생성

2. Single-view anomaly detection: depth image의 anomaly score 계산 (shared model 𝝋)

3. Integration: N개의 image output 결과를통합하여최종 score 계산

MVP Framework

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Figure 2: MVP Framework ]
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• Problem Definition

▪ 𝑷 ∈ 𝑅𝑛×3: point cloud → 𝑨 ∈ 𝑅𝑛×1, 𝝃 ∈ [0, 1] : point/object-wise anomaly score

▪ Supervised training: Annotated auxiliary point cloud dataset

▪ 𝝌train  −  {𝑨}train / {𝝃}train

• Point Cloud Multi-View Projection (Camera Calibration)

▪ ith point를각각의 pose T 에서 projection (K: camera intrinsic) [1]

MVP Framework

𝑽𝑘
𝑖 , 1

𝑇
= 1/𝑧𝑖 𝑲𝑻𝑘 𝑷𝑖 , 1

𝑇

𝑷 = 𝑃𝑜𝑠𝑘 𝑽𝑘 = 𝑹𝑘
−1 𝑧𝑖𝑲−1𝑽𝑘

𝑖 − 𝒕𝑘

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Figure 3: Multi-View Projection Visualization ]
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• Single View Anomaly Detection

▪ ith depth image 𝑽𝑖를 shared zero-shot AD model에입력하여 detection result 𝑪𝑖 출력 

 𝑪𝑖  = 𝝋(𝑽𝑖)

• Integration

▪ N개의 output {C1, C2, … CN}을 fuse(Ψ)하여최종 object/point level score 계산

MVP Framework

× 𝑵

𝜉, 𝐀 = Ψ({𝑪𝟏, 𝑪𝟐, … 𝑪𝑵})

1. Pixel-wise scoring   2.Back-projection   3.Mean Integration

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Figure 4: Multi-View Score Integration ]
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• Why MVP-PCLIP?

▪ MVP framework을기존 2D AD 모델들에적용했을때 domain gap 존재

▪ Domain gap을줄이기위해 Key Layer Visual Prompt(KLVP)와 Adaptive Text 

Prompt(ATP)를 CLIP에추가한 MVP-PCLIP 제안

MVP Framework to MVP-PCLIP

Input GT
MVP-

WinCLIP

MVP-

SAA

MVP-

APRIL-GAN

MVP-

PCLIP MVP-PCLIP

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Figure 5: Domain Gap Visualization ]

[ Figure 6: MVP-PCLIP Architecture ]
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• Key Layer Visual Prompt (KLVP)

▪ Key layer {𝑘1, 𝑘2, … , 𝑘𝑚}에 대해이전 layer의 token output에 learnable token 

𝐵𝑗를 더해서 well guide 된 feature token 추출 (6, 12, 18, 24)

• Adaptive Text Prompt (ATP)

▪ 𝑇𝑝𝑟𝑜𝑚𝑝𝑡  =  𝒉(𝑐𝑎𝑡(𝑼, 𝑺, 𝑆𝑡𝑎𝑡𝑒, 𝐶𝐿𝑆))

MVP-PCLIP

6 12 18 24

* State ∈ [perfect, normal, damaged …] 

* CLS ∈ {bagel, carrot …] 

* U: union learnable 

* S: specific learnable

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Figure 7: MVP-PCLIP Prompt Learning ]
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• Point Cloud Anomaly Detection (point-wise)

▪ Image encoder의 key layer k에서얻은각 feature token을 point level로반환

▪ N개의 multi-view image와각 key layer에서얻은 point level feature를합쳐최종
point feature 반환

▪이를 text feature G와 similarity 연산을통해 score 산출

• Point Cloud Anomaly Detection (object-wise)

▪ Image encoder에서반환된 N개의 class token 𝑾𝑖
𝑐𝑙𝑐의평균과 text feature G와연산

MVP-PCLIP

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Figure 8: MVP-PCLIP Anomaly Scoring ]
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• Quantitative Results

▪ MVP-PCLIP이 zero-shot setting에서가장우수하며, Real3D-AD의경우 unsupervised setting의
CPMF도상회

Experiment

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Table 1: MVTec3D-AD  Point-wise Results ]

[ Table 2: Real3D-AD Point-wise Results ]
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• Quantitative & Qualitive Results

Experiment

Input PCD

GT

CPMF

PointMAE

MVP-WinCLIP

MVP-SAA

MVP-APRIL-GAN

MVP-PCLIP

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Table 3: Object-wise Results ]

[ Figure 9: Anomaly Map Visualization ]
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• ATP & KLVP(P-R, P-F, P-P)

• Number of Learnable Parameters

▪ KLVP=1 / ATP(U/S) = 8, 4 일때가장성능이좋음

Ablation Studies Input PCD

GT

wo. KLVP

w. KLVP

• Number of Rendering Views

▪ View = 9 일때 FPS와성능간의 sweet point

1

2

4

#KLVP

#ATP (U/S)

4

2

4

4

8

4

8

8

16

8

16

16

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).

[ Table 4: 모듈별 Ablation Study ]

[ Figure 11: Parameter Ablation Study ]

[ Figure 12: Optimal Rendering View ]

(Left) MVTec3D-AD (Right) Real3D-AD

[ Figure 10: Image Encoder Feature Comparision ]
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• VLA?

▪ Vision-Language-Action: 시각입력과자연어지시를받아, 로봇행동을생성

• Why VLA?

▪ Rule-based 등의기존방식들은제한된환경에서만작동가능

▪ Robot task에서도 pretrain된 VLM을활용하여일반화된성능을확보하자

• Scaling Law?

▪ LLM을통해모델의성능이 모델의크기와데이터의양에비례함을확인

▪ Robotics에서는 text나 image와달리 action label이달린데이터를수집하는것은
매우어려움 (ex. Teleoperation, Simulation)

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Background

[ Figure 13: OpenVLA ]
[ Figure 14: Action Data 예시 ]
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CoT-VLA: Visual Chain-of-Thought Reasoning for 

Vision-Language-Action Models

[CVPR 2025]

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.
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• Vanilla VLA의한계

▪ Direct input - output mapping에따른중간단계의추론부재

▪ Text 기반 CoT는공간에대한정보를소실

▪ Action label이있는 robot demonstration 데이터에의존

• Contribution

▪ Subgoal image를생성하는 visual CoT를제안

▪중간단계의 image를 autoregressive하게생성하여
공간정보와함께추론능력향상

▪ Image generation task로의전환을통해 action-less

데이터로도학습가능

“먼저앞으로어떻게될지미래장면을시각적으로그린다음,

  그장면에도달하기위한행동을계획하자”

Introduction

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

[ Figure 15: Vanilla VLA CoT-VLA 비교]



18

• Overview

▪기존 VLA와달리 2-stage에걸쳐 action 생성

▪ Stage-1: 현재관측이미지(𝑠𝑡)와언어지시( l )를입력으로 subgoal image 생성

▪ Stage-2: Subgoal image를기반으로행동 sequence (a1… an) 생성 (=action chunking)

CoT-VLA

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Stage-1 Stage-2[ Figure 16: CoT-VLA 모델구조 ]
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• Base Vision-Language Model

▪ Image를 language model이 text처럼다루기위해선 discrete token으로다뤄야함

▪ RQ-VAE (d=4) 를 통해이미지를한번에토큰화하지않고점진적으로잔차를
줄여가며기존 VQ-VAE보다풍부한정보를가지는 discrete token 생성[3]

▪ Image(256x256)를 discrete token(16x16x4) 분해하여 Multi-Modal framework 달성

VILA-U

3)    Wu, Yecheng, et al. "Vila-u: a unified foundation model integrating visual understanding and generation." arXiv preprint arXiv:2409.04429 (2024).

[ Figure 17: RQ-VAE ]

[ Figure 18: VILA-U 모델 구조 ]
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Hybrid Attention

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

• Causal Attention

▪ Subgoal image 생성시에는현재까지의 token에대해서만 attention 수행(masked)

• Full Attention

▪ Action sequence 생성시에는앞뒤모든 token에대해서 attention 수행

▪ Action (pos, rot, grip)은서로유기적으로맞물려야안정적인 action을생성

[ Figure 16: CoT-VLA 모델구조 ]

[ Figure 19: Hybrid Attention ]
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Action Tokens

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

• Action Discretization

▪연속적인 action 값을모델이다루기편하도록 action distribution을 256 bin으로
나눠 각 action token을 256개의정수로표현

▪ Action ai는 7개(posx/y/z , rotx/y/z , grip)의 token으로구성되며, Text tokenizer 내가장
덜쓰이는 256개의 token을 action용 vocabulary로사용 

• Action Chunking

▪매 step마다하나의 action 을취하는것이아닌 n개의 step 분량의행동덩어리를
한번에예측하여움직임의일관성확보

[ Figure 16: CoT-VLA 모델구조 ]

[ Figure 19: Hybrid Attention ]
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• Problem Definition

▪ VLA:                                      (1)

−매 step t마다현재 state st와 instruction l을받아 action at를 생성 (1) 

▪ CoT-VLA  :                                  (2)                                                               (3)

−현재 state st와 instruction l을받아 n frame 뒤 subgoal image st+n 생성 (2) – visual CoT

−이후 해당 subgoal state를달성하기위해 m개의 action sequence 생성 (3) – action chunking

▪ Dataset

− Robot demonstration dataset 𝑫𝒓  =  {(𝒍, 𝒂𝟏…𝑻, 𝒔𝟏…𝑻)}

− Action-less video dataset 𝑫v  =  {(𝒍, 𝒔𝟏…𝑻)}

− CoT-VLA는 subgoal image prediction(Eq.2)에서 𝑫𝒓뿐아니라 𝑫𝒗 모두활용가능

− Eq.3에서는 Dr로만학습

−  𝑫𝒓: Open X-Embodiment dataset

−  𝑫v: EPIC-KITCHENS, Something-Something V2

Training

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

* l: 자연어지시명령문
* 𝒂𝟏…𝑻 =  {𝒂𝟏, … , 𝒂𝑻}: 행동 label sequence

* 𝒔𝟏…𝑻 =  {𝒔𝟏, … , 𝒔𝑻}: 시각 image sequence
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• Visual Token Prediction

▪ jth visual token에대해 d=1~D까지의 residual token을잘예측하기위한 NLL loss

▪ 즉, subgoal image를더잘생성하기위함

• Action Token Prediction

▪ 지시문과현재관찰 st와 subgoal image st+n 을 바탕으로올바른 action sequence를예측하기
위한 cross entropy loss

• Overall Training Objectives

▪ 미래를정확히상상하고(Lvisual), 그미래에도달하기위해잘움직이도록(Laction) 학습

Training Procedures

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

[ Figure 17: RQ-VAE ]
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• Test-Time Closed Loop Control

▪ 현재 state와지시문을입력으로받아 n frame 뒤 subgoal image 생성

▪ 해당 subgoal image를달성하기위한 m개의 action sequence 생성

▪ m개의 action sequence를수행후새로운상태를관측하여최종 goal을달성하기까지위
과정을반복

Experiments

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

[ Figure 16: CoT-VLA 모델구조 ][ Figure 20: CoT-VLA test time 수도코드 ]
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Experiments

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

• LIBERO benchmark results

▪ Simluation 환경에서의 benchmark로 4가지 task로구성

▪ Visual CoT를바탕으로중간단계의추론능력이향상됨에따라 Goal과 Long task에서큰
성능향상

• Franka-Tabletop benchmark results

▪ Franka라는 7-DoF 로봇팔에대한 real-world benchmark

▪ CoT-VLA가 multi-instruction task와같은복잡한 task에서비교모델대비우수한성능유지

[ Table 5: LIBERO Benchmark Results ]

[ Figure 21: Franka-Tabletop benchmark results ]
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Experiments

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

• Visual CoT visualization

▪ Visual CoT를 통해중간단계의 subgoal image를생성함으로써추론과정의오류나 action 

생성의근거를확인할수있음

[ Figure 22: CoT-VLA Subgoal Visualization ]
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Ablation Studies

2)   Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

• Module 별 ablation

• Better Visual Reasoning Helps

▪ 직접생성한 subgoal image보다 GT subgoal image를입력으로넣었을때성능향상

▪ 더정확한 subgoal image 생성이 robotic task의성능에직접적으로영향을미침
=> (improved vision reasoning == improved action execution)

• Video Data Pretraining

▪ Video data의다양한상황을통해 subgoal image

예측성능향상
=> action-less data의활용가능성제시

[ Figure 23: 모듈별 Ablation Study ] [ Figure 24: Video Data Pretraining 성능비교 ]

[ Table 6: Visual CoT with GT Image ]
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Thank You
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Supplement [1] 𝑽𝑘
𝑖 , 1

𝑇
= 1/𝑧𝑖 𝑲𝑻𝑘 𝑷𝑖 , 1

𝑇
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Supplement [2]

투영방향 X



31

1. Data preprocessing

▪ Multi-View Projection 과정에서어느방향으로볼지직접정해야됨[2]

2. 이상영역미탐문제

▪ 초기 align 및 rendering 과정에서 anomaly area를못잡는경우해당 object가 abnomal이여도
normal로인식

3. 정보소실

▪ 3D를 2D image로변환했을때이상영역구분의난이도증가

Limitation

Easy Hard

1)   Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Systems, Man, and Cybernetics: Systems (2025).
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Supplement [3]

3)    Wu, Yecheng, et al. "Vila-u: a unified foundation model integrating visual understanding and generation." arXiv preprint arXiv:2409.04429 (2024).
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