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Outline

» Background
= 3D(Point cloud) Anomaly detection
- VLA(Vision Language Action)

e 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]
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Background

» Anomaly Detection
- HOIH 22 & ¢

« 2D AD2| HA|
- O|O|X| & 2k Z10]

3D AD
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- Data type: point cloud, depth map, mesh ...
2D 2 E|E| ChH| G|O|E =& 2] {2 =
- O| | [HE few/zero-shot model & 2

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

I occlusionOf|

x| o

Category Real Size [mm] Attribute Training Test Total Anomaly Point Ratio
Length  Width  Height Normal | Normal ~ Abnormal A
T @ Airplane 340 142 317 Transparency 4 50 50 104 1.18%
& Car 35.0 29.0 125  Transparency 4 50 50 104 1.99%
@8 Candybar 33.0 20.0 8.0 Transparency 4 50 50 104 2.37%
7 Chicken 25.0 14.0 20.0 White 4 52 54 110 4.39%
@ Diamond 29.0 29.0 18.7  Transparency 4 50 50 104 5.41%
® Duck 30.0 222 294  Transparency 4 50 50 104 2.00%
#  Fish 377 24.0 4.0 Transparency 4 50 50 104 2.86%
@& Gemstone 225 18.8 17.0  Transparency 4 50 50 104 2.06%
b Seahorse 38.0 11.2 3.5 Transparency 4 50 50 104 4.57%
®  Shell 217 220 79 Transparency 4 52 48 104 2.25%
J  Starfish 274 274 4.8 Transparency 4 50 50 104 4.47%
5.‘ c “ &l; ) s Toffees 380 120 100  Transparency 4 50 50 104 2.46%
Mean 309 203 139 — 4 50 50 104 3.00%
SOGANG UNIVERSITY Total — — — — 48 604 602 1254 —




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

[TEEE TSMC 2025]
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1) Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." /EEE Tra on Systems, Man

Introduction

» Unsupervised 3D Anomaly Detection
- Data Collection: 2D image CHH| point cloud datag& =& ot=0| H|E =
- Cold Start Problem: Normal data =Xt =&t = gl= B2 =X

- Separate Model Training: &F5 0| A& £ classOf| CHSHA B HE 7t

 Zero-Shot 3D Anomaly Detection
- Zero-Shot Image ADO| Al = VLM = Z-& 2t method A| Ot
- Point cloud ADO| M = O| & &-&3}7| &[S MVP frameworkS | 2t

Annotated Auxilary —

Target — Target Arbitrary(unseen)

n YT ol ﬂ,‘ 2 [ Figure 1: Unsupervised vs. Zero-Shot |
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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).

MVP Framework

3D point cloud £ HI-Z VIM O A] CFE = 7] W20 depth image & & & AT anomaly score/map A2t

* Overall Process
0. Point cloud data alignment
1. Multi-view projection: PcdE O 2] Zt = 0| M F&HA|Z{ N7H 2| 2D depth image 4“3
2. Single-view anomaly detection: depth image2| anomaly score A4t (shared model ¢)

3. Integration: N7 2| image output Z1HE &ot0] £|F score A4t

r Integration

@

” ABTNE-D [ Figure 2: MVP Framework | | VDS |
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1) Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEER Transactions on 7 Cybernetics: Systems (202.

=

ntegration

MVP Framework

e Problem Definition

- P € R™*3: point cloud — A € R™*1, & € [0, 1] : point/object-wise anomaly score

- Supervised training: Annotated auxiliary point cloud dataset

* Xtrain — {A}train/{f}train

 Point Cloud Multi-View Projection (Camera Calibration)

- i, point= Z5ZE2| pose T 0| A| projection (K: camera intrinsic) [!]

Multi-View Projection (MVP)

[vi.1]" = @/z)KT, [P} 1]

P = Pos,(Vy) = R,;l(ziK_lV}'( - tk) ’

Camera @
. o

V¥

Ko
s
s

[ Figure 3: Multi-View Projection Visualization | | VDS |
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1) Cheng, Yuqi, et al. "Toward Zero-Shot Point Cloud Anomaly Detection: A Multiview Projection Framework." IEEE Transactions on Syt

e, s:Ntems (2025).
I
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MVP Framework

 Single View Anomaly Detection

- i, depth image V;E shared zero-shot AD modelOf| & Z35}0] detection result C; = =
C; =)
* Integration
- N7H2] output {C4, Cs, ... Cy}= fuse(W)SIH Z[F object/point level score Al 4t

f,A == ‘P({Cl, Cz, CN})

Multi-View Projection (MVP)

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

[ Figure 4: Multi-View Score Integration |

S

SOGANG UNIVERSITY 8 LAB



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).

MVP Framework to MVP-PCLIP

« Why MVP-PCLIP?
- MVP framework= 7| = 2D AD 22 =0f 232 [If domain gap =Xl

- Domain gap= =0|7| 9|3l Key Layer Visual Prompt(KLVP)2} Adaptive Text
Prompt(ATP)E CLIPO| =72t MVP-PCLIP Af| 2t

Inout cr MVP- MVP- MVP- MVP-
npu WinCLIP SAA APRIL-GAN|| PCLIP MVP-PCLIP

™ Learnable l l l l Class Embedding
35§I Frozen $ we
(© Concatenate - . ) 1 g Image :

Cosine w1 - B ) — Encoder

Similarity L ) a @ S Anomaly

Vision Prompts ~ Depth Image Patch Score

R S a— S =S e || o>
_____________ Embeddings
Specific | N, | ( L )
!_f: ____________'3:_-_‘ perfect bagel * _r) G -
Union { U |/} Text = e
[ <5 N’u' | 1
I"-'-'—'-'-'—'-'—'—'- ''''' damaged bagel Encoder i
O @® @ - - ~ = Aromly
ié%h}éﬁé _'l:e_:)_(t Predefined Text Normal/Abnormal Map

Prompts Prompts Text Embeddings

aefaidsy
1B ] U0 J

[ Figure 6: MVP-PCLIP Architecture |

[ Figure 5: Domain Gap Visualization ]
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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).

MVP-PCLIP

* Key Layer Visual Prompt (KLVP)

- Key layer {ky, k5, ..., k., }OIl CHSll O™ layer2| token outputOf| learnable token
B, & G5l M well guide €l feature token = (6, 12, 18, 24)

WIJ‘ = L.‘,"(“fj‘—l)z if.? §é {k17k21' e :k*n}
w,j - LJ(“G—].:BJ): if.? € {k13k21' T :km}

» Adaptive Text Prompt (ATP)
* Tprompe = h(cat(U,S,State, CLS))

" n 6121824
tn = [U1] -+ [Un,][ST] - - - [Sh.] perfect bagel M Learnable l l l l
F
ta = [U1] - [Un,][S]] - - [Sy.] damaged bagel e - | o
® Cosine =£1__:;;_gjf_;= o — Encoder
* State € [perfect, normal, damaged ...] Similarity
* CLS € {bagel, carrot ...] ________ VionPompls Dephlmage
* U union learnable Specific f 5o 5
*§: specific learnable - perfect bagel Text
Union H’ 1o 8N Encoder
Learnable Text Predefined Text Norm
Prompts Prompts Text

[ Figure 7: MVP-PCLIP Prompt Learning ]
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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).

MVP-PCLIP

 Point Cloud Anomaly Detection (point-wise)

- Image encoder®| key layer k0| A @2 Z} feature tokens= point level = H2t
- N7H 2| multi-view image2} Zf key layer®|A| &2 point level featureE X %[S

point feature 2zt
- O| & text feature G2} similarity H4HS S0l score M=
P}, = Pos,(F}y) Py m G = gltu.ts)
 Point Cloud Anomaly Detection (obj ect—\zvise)
- Image encoderO| A| BtSHEI N7H O] class token W Q| H o 1t text feature G2 X At

Class Embedding

N

1 -
& Até(::;ly —» (= Softmﬂ&'((ﬁ Z Wz‘dc)GT)

# e +» A=softmaz(PG")

1
L J Anomaly

Map L=10U(A,Ay)+ Focal(A, Ay)
+ CrossEntroy(€, &)
44 -,og. g &; i [ Figure 8: MVP-PCLIP Anomaly Scoring | | V Ds |
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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).

* Quantitative Results

- MVP-PCLIPO| zero-shot settingOl| A| 7t& <=5}, Real3D-AD2| 4% unsupervised setting2)|
CPMFE A3

MVP-APRIL-GAN [14]
CVPRW’2023

MVP-PCLIP

(95.9:01, 38.8:08, 31.6012)
(76.8215, 15.0215, T.4216)
(91.9:03, 36.6:03, 29.9:02)
(85.4:03, 33.0:12, 27.122.)
(74.0:00, 15.0:00, 7.8:058)
(678210, 20,1203, 9.7201)
(96.8:201, 408204, 31.0410)
(96.8:01, 47005, 47.3:20)
(94.7201, 47.2:05, 39.7:05)
(78.5:05, 11.3203, 4.5202)

(971200, 41.T:06, 35.0:03)
(82.2:05, 20,405, 12.1:07)
(944202, 40.7:05, 34.2:07)
(847203, 31.8:14, 25.2:14)
(72.0:05, 14.8:00, 7.5:08)
(702210, 23.8:00, 12.3:02)
(98.5:0., 47007, 40.3:12)
(98.2:00, 49.0:0.4, 49.9:03)
(96.620.1, 51.5:05, 44.7=0.4)
(81.5:05, 15.7:02, 7.5:02)

(85.9:03, 30.5:03, 23.6004)

(87.5:02, 33.6:01, 26.9:03)
(T1.6, T3.1, 13.3)

MVP-APRIL-GAN [14]
CVPRW'2023

MVP-PCLIP

(78.2s07, 9.5:25, 3.3:08)

(76.641.7, 8.6515, 3.1:08)

(628424, 43407, 1.4:03)
(87.3:08, 29.3417, 21.6227)
(90.0:20, 38.0414, 33.5:22)
(B6.6:06, 10.421.1, 6.4413)
(82.4424, 28.6407, 17.4201)
(879210, 24.0420, 13.3:10)
(815410, 24,802, 18.3:3.1)
(89.1414, 20.3415, 12.5:10)
(754205, 22.2:25, 13.4:20)
(94,8205, 411256, 37.5:7)

(817205, 16415, 10.1:05)
(79.8:04, 139423, 6.du0s)
(69.5:10, Tdns, 4.5:07)

(88.8s03, 32.2:07, 27.8:00)

(953205, 48.5:20, 47.9:23)
(88.1:07, 140514, 8.2:086)

(85.8+1.6, 18.6:17, 11.0211)

(915204, 28.0:05, 18.2:08)

(80.551.2, 21.Ts34, 17.1231)

(90.1:07, 28.1:14, 16.4210)

(709412, 19.4205, 12.1205)

(93 4s0s, 387437, 34.Tu25)

(82. 7410, 22,312, 15.1:10)

(846203, 239004, 17.9:01)
(11.9, 11.6, 12.8)

|
Cateso CPMF (Unsupervised) (9] | PointMAE [42] MVP-WinCLIP [13] MVP-SAA [15]
sory PR2024 ) ECCV'2022 CVPR'2023 CVPRW'2023
Bagel (96.6:00, 53.0:00, 55.2:00) I (50.0z00, 2.6200, 1.3200) (38.1200, 3.4200, 1.7:00) (901200, 323200, 25.5:00)
Cable_Gland  (92.8:00, 34.5:00, 30.6:00) | (50.0:00, 3.1200, 1.6:00) (61.4200, 5.8:00, 2.7:00) (56.9:0.0, 4.1:00, 1.8:00)
Carrot (95.5:00, 492200, 48.3:00) (50,2200, 5.7:00, 3.0:00) (73.5:00, 12,4200, 8.7:00)  (88.7:200, 36.5:00, 29.4:00)
Cookie (92,8200, 51900, 47.0:00) I (50.0z00, 4.6:00, 2.4:00) (71.8:00, 11.2:00, 6.0:00) (76,000, 39,7200, 32.2:00)
Dowel (89.0:00, 36.0:00, 29.0:00) . (50.0w00, 4.2200, 2.1200) (49900, 5.4:00, 2.3:00) (68,9200, 14 3200, 8.4:00)
Foam (79,000, 35.4:00, 29.5:00) b (500200, 1.2200, 0.6200) (502200, 1.3200, 5.0:00) (62.5:00, 13,100, 6.0:00)
Peach (98. 7200, 56,400, 55.9:00) g (50.0w00, 2.6u00, 1.3200) (77.8:00, 11.0u00, 5.3:200)  (94.4u00, 464200, 30.6:00)
Potato (97.2:00, 43.2:00, 39.3:00) I (48.4500, 3.6:00, 1.8:00) (71.1200, 9.2:00, 4.4200) (96.3200, 521200, 42.7:00)
Rope (96.8:00, 51.2:00, 48.5:00) I (539200, 10,6200, 3.8:00) (85.8:00, 24.8:00, 14.7200)  (68.6200, 14,1200, 8.0:00)
Tire (96.9:00, 42 400, 38.1200) ©  (50.0u00, 1.6:00, 0.8:00) (47.8200, 1.8200, 7.0:00) (73,3200, 5.3:00, 2.2:00)
|
Mean (93,5200, 453400, 42.1:200) . (503200, 4.0:00, 1.9:00) (64. 7200, 8.6:00, 4.T200) (776100, 25.8:00, 18.7:00)
| [ Table 1: MVTec3D-AD Point-wise Results |
Cat CPMF (Unsupervised) [9] | PointMAE [42] MVP-WinCLIP [13] MVP-SAA [15]
ategory PR'2024 | EcCvi2022 CVPR'2023 CVPRW'2023
Airplane (61.8:00, 2.3:00, 1.0:0.0) . {50.0000, 1.6:00, 0.8200)  (42.4400, 2.6200, 0.7200) (73.7400, 12.6200, 2.8:00)
Candybar  (83.6:00, 13.5:00, 6.4200) |(50.0=w.n, 2 Ts0n, 1.dso0) (575100, 5.8:00, 1.9:00) (70.ds00, 6.1200, 2.ds0n)
Car (734200, 10. 7200, 5.0:00) I(SO.G:HJ.U, 2.3:00, 1.2:00)  (50.8100, 7.0:00, 1.8200) (58.60200, 4.0:00, 1.6s00)
Chicken (55.9:00, 7. 1200, 3.1200) {50.0:00, 5.5:00, 2.8:00) (603100, 8.6200, 3.9200) (906200, 416500, 32.2:00)
Diamond (753200, 14,9200, 7.4200) I(Sﬂ.[]s:o.n, 5.5:00, 2.8:00)  (68.53200, 9.1200, 4.7200)  (90.7200, 313200, 18.8:00)
Duck (71.9:00, 4.2:00, 1.8:00) (500000, 1.9:00, 1.0s00) (443300, 2.0200, 0L8200) (80.5:00, 111200, 3.700)
Fish (988200, 58.2:00, 55.9:00) I(Sﬂ.[]s:o.n, 2 Ts00, 1dson)  (T1dson, 1540, 6.3200) (931200, 679200, 68.5:00)
Gemstone (449200, 2.0:00, 0.7200) (50.0:00, 1.8200, 1.8200) (66500, 3.1200, 1.3200) (79.5:00, 79200, 2.8:00)
Seahorse (96.2:00, 61.5:00, 63.6:00) I(Sﬂ.[]s:o.n, 4 9:00, 4.8200) (053100, 8. 7200, 4.1200) (643200, 16,1200, 11.1200)
Shell (725200, 5.2:00, 2.5:00) I(Sﬂ.[]s:o.n, 2 3s00, 2.3200)  (02.0w00, 9400, 2.7200) (873200, 191200, 17.0:00)
Starfish (80.0w00, 20.2:00, 12.8:00) " (50.0:00, 4.5:00, 4.5:00) (63,1200, T.1200, 3.7200) (597200, 14. 7200, 6.0:00)
Toffees (95 900, 46.0:00, 39_1.00) I(SD.G:&-D.U, 2 2son, 2.2:00) (481200, 3.0w00, 1.1200) (87 4200, 188200, §.6200)
Mean (75.8:00, 20.5:00, 16.6:00) I(SO.D:HJ.U, 3.2:00, 2.3:00)  (58.4s00, 6.8:00, 2.T:00)  (78.0:00, 20.9:00, 14.6:00)
i
. [ Table 2: Real3D-AD Point-wise Results |
Ay k-Ln
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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).

Experiment

* Quantitative & Qualitive Results

A

Input PCD @
Y
CPMF @ f y

PointMAE f°

MVP-WinCLIP | ‘
MVP-SAA | ‘

MVP-APRIL-GAN | ‘

MVP-PCLIP | Q

ABTNE-D
SOGANG UNIVERSITY

MVTec 3D-AD

NEO -
NEO =
\NEEQ -~
\NEQ® -
" Qo
\NEQ@e~-

83

NBQ =

Category MVTec 3D-AD Real3D-AD
CPMF (l‘;‘;g%zr:md’ O (04,600, 98.6:00, 95.2:00)  (62.5200, 64.2:00, T2.3:00)
Poérgglﬁfogzzl (4. 7200, B8.2a00, 78.5200) (514200, 67.8200, 54.7:00)
MV]E:?;E{.:EIBI;“}I (71.0:00, 89.1:00, 89.2:00)  (54.1:00, 68.5:00, 54.5:00)
L{C\;];RSL?;Z.{;I';;I (54 Te0n, B8.ds0n, Bl.Beo0) (49 1s00, 692400, 54.5100)
MVP&?}‘;’.‘;&? U341 (66,95, 882105, 82.6042) (512410, 68,1210, 54.2425)
(719024, 90.T201, 89.6215)  (55.3:05, 69.5:02, §57.5.14)
MVP-PCLIF (10.9, T1.6, T0.4) (11.2, 10.3, 12.8)
[ Table 3: Object-wise Results ]
_______ [ Real3D-AD |
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[ Figure 9: Anomaly Map Visualization |
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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).

Ablation Studies

e ATP & KLVP®-R, p-F, p-p)

Base ATP  KLVP MVTec 3D-AD Real3D-AD
v (86.8,32.6,25.4)  (83.1.21.8,15.5)
v v (87.2,33.3,263)  (84.3,233,17.2)
v v (87.1,32.8,25.7)  (83.8,22.4,16.2)
v v v (87.5,33.6,26.9)  (84.6,23.8 17.9)

[ Table 4: 2-& 'H Ablation Study |

[ Figure 10: Image Encoder Feature Comparision |

 Number of Learnable Parameters

- KLVP=1 /ATP(U/S) =8,4 Y M 7t H&0| £
P-R
i 87.50 -
84.00
87.00 83.00
B 33.50 22.50
20.00
33.00 17.50

P-P

= 5
1 26.75 ii og
#KLVP ‘2‘ 26.50 12.50

414] 8| 8|16] 16
24488 16
#ATP (U/S)

[ Figure 11: Parameter Ablation Study |
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e Number of Rendering Views
- View =9 & M| FPS2} &S 7F2| sweet point
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[ Figure 12: Optimal Rendering View |
(Left) MVTec3D-AD (Right) Real3D-AD



vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

2) Zhao, Qingging, et al. "Cot-vla: Visual chain-of-thought reasoning for

Background

« VLA?
- Vision-Language-Action: A
* Why VLA?
- Rule-based 2| 7| & HHA|
- Robot task 0| A| &= pretrain

 Scaling Law?
-LLM= 8l 22| 40| ZHe| A 7|2} O|O|H | 2o H|e=

- Robotics | A = textLt image2f & 2| action labelO| H Tl H|O|HE

Of 2 O 2{ = (ex. Teleoperation, Simulation)

1N
o
u
Q
<L
Ral
>
Il
nt
o
il
I
0%
Ot
1o
0=
0x

VLM= &&50]

i

[ Action De-Tokenizer }—l

oot
oo o Ax
Ab
Llama 2 7B ‘ AGrip
o - 7D Robot
Input Image COCOCCoC Action
@“I L | 1_ LA N S S _ |
“Put eggplant __MLP Projector ) Llama Tokenizer \ f ‘
in bow!” —‘ ,?Dmov,? SigLIP | x
Language Instructio “What should the robot do to {task}? A"
ﬁ 51 6 CHG et [ Figure 13: OpenVLA | - 8 VDS
15 [ Figure 14: Action Data Of|A| | -
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A

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

[CVPR 2025]
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2) Zhao, Qingqing, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models.

Introduction
e Vanilla VLAS| SHAH|

" Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

- Direct input - output mapping0i| [HE S7t THAH 2| =E Z X
- Text 7|2t CoT= & 7401 Lot SEE A4

- Action labelO|

 Contribution
- Subgoal image S 4 & St= visual CoT=

- =7FEFA 9O imageg autoregressiveéuﬂ
27t QLS =2 52 ahAl

o

- Image generation task 2 2|
QO|HEE &5 7t

Mzt= 9l action-less

= robot demonstration 5| O| E{0f 2|&

Action-less IRobotdata weniba action ' I
cete ‘ - il
u : E/ | Vanilla VLA (causal) |
> BN anilla causa !
BE e
X_” Ol_ (obs image] ( text ] !
— l L.‘_________ .... .;I
Ours
AH A" _cl)_|. O:I action :
o o N A A
CoT-VLA (causal & full-attention)
* ¢+ 1 3 T 7 vV VY N

(obsimage][ text ]

| Closed-loop control example:
i

generated
goal state

“HX 2o = OfEA X 02 FHE A A4Ee= 12 03,
J B =] 93t HES AP |
capture new observation) E
closed-loop control
. . . _ H _'
R 4428 - &L‘:ﬂ. [ Figure 15: Vanilla VLA CoT-VLA |u.| VDS |
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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.

CoT-VLA

* Overview
7| = VLAR} ':E*El 2-stageOfl ZX] action ‘4
- Stage-1: X £t= O|0[X|(s,)2t 21O X[A|(1)E ¥ EH 2 = subgoal image ‘&S

- Stage-2: Subgoal image% 718t0 2 HF sequence (a;... a,) ‘dE (=action chunking)

I ﬁ I I execute actions I
ining dat | e || a_l a_n |
pre-training data D
Wisual Q&A, ]
Captioning, Text to @ I‘| COT-VLA U I I - I
mage/Video... I I I I I
[
I I I - & 8 I
robot demonstrations + ] | T I i 2 1 A A £ 4

o L
-

action-less videos

G éé @ C]{Ei]usalc‘.?i Full Attﬁntizr;— = ] }:

P
[ 9]
-~
=
o
o
0
-
=
o
+
I
— —
— —
a
fw
o]
=
S
m
3
@
=
=]
g
5
=4
5]
3
[T}
R —

! AR
r—'==gf=s-=

Stage-1 [ Figure 16: CoT-VLA 23 X | Stage-2
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3) Wu, Yecheng, et al. "Vila-u: a unified foundation model integrating visual understanding and generation." arXiv preprint arXiv:2409.04429 (2024).

VILA-U

» Base Vision-Language Model
- Image = language modelO| text™ & Ct57| 2[5 discrete token2 2 Cr&| OF 2t

-RQ-VAE (d=4) £ &3l O|0|X| & ot 0| E22t5HX| i HEIH e = FHXHE
Z07IH 7| & VQ-VAEEL} 382t HEE 7IX| &= discrete token 24 (3]

- Image(256x256)E discrete token(16x16x4) =0l ot Multi-Modal framework &

[ Figure 17: RQ-VAE |

Multi-modal Multi-modal Token Multi-modal Token Multi-modal
Inputs Seq uence In gEq enceo t Inference Outputs
ot N : = . = . The man is
: i : : skating
Text Tokens i ] : ‘@ :
@ @
Image E . i
= ext-aligned 0 (]
............... Vision 0! 0
, Encoder |  Text-aligned Discrete | [ | O
video visual Tokens | (3| &) [ Figure 18: VILA-U 2% 71X |

R AW THEE D VDS

SOGANG UNIVERSITY 19

A
——



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.

Hybrid Attention

e Causal Attention

- Subgoal image ‘8 A|0f|= A XY 7FK| 2| tokenOi| CHSH A attention =2 (masked)

e Full Attention

- Action sequence ‘A -d A0 = &5 2= tokenOl| CHSH A{ attention =2

- Action (pos, rot, grip)= M2 R7|H2 = BH=2{0f

O} X & O] S A

Lo/t aCtiOHE o

1 OB=TEE](][«)

%
re-tr, e, ) al
)
Visual QEA, |
Captioning, Textto @ ) CoT-VLA U
Image/Video... :

BEQ QUL

A

execute actions

Causal & Full-Attention

. 088 550

. “Pick up carrot”

eV NL———V Vv

1
I M

capture new observations

closed-loop control cycle

18]
Nl | |
I (< 1
'an

= HHHRREENE
] | I 111117

[ Figure 16: CoT-VLA 2 X |

W A CHEk
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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 Tokens

* Action Discretization

- &0l action 242 R HO| CHR 7| HBLE 2 action distributionS 256 bin2 2
Lt 2} action tokens 256702 42 B

- Action a1 = 77 H(posx/y/Z ; rotx/y/Z : gr1p)°| token2 = T &|H, Text tokenizer Lif 7%
2 M 0| = 25671 2] token= action& vocabulary 2 AL&

 Action Chunking

- Of stepOFCt SFLES| action 2 F|OF= A 0] OFHl n7H 2] step =
ot Ho| 0| =510 &9

execute actions I Ax I
pre-training data
Visual Q&A, | CoT-VLA H I A6 I
Captioning, Text to 3 - .
nee @ Lacrp) | i
ves 7D Robot g
robat demonstrations 8
F “ ( Causal & Full-Attention J
i
C]C][f) @é[ﬁ OO0 - DOC
action-less videos e
; c
) capture new observations <
closed-loop contral cycle g
z

[ Figure 16: CoT-VLA 2 X |

woudkan [ Figure 19: Hybrid Attenfov]D S |
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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.

Training
e Problem Definition
- VLA: ay WPB(3t|St,U (1)

- Of step tOFCH S XY state s, @F instruction /2 BHO} action a, = A A (1)

« CoT-VLA : Sttn ™ P9(5t+n|5t-. l) (2) {81, @i} ~ Po({ar, .. aipmSe, [Se4n) (3)

- A4} state s, 2F instruction /= B OF n frame F| subgoal image s, ‘&8 (2) — visual CoT
- 0| = Sl subgoal stateE H 57| {5 m7H 2| action sequence ‘&8 (3) — action chunking
- Dataset

* I XA XA | HEE
*a, r = {ay, ..., ar}: Y-S label sequence
- Action-less video dataset D, = {(I, s1_71)} *S1.1 = {51, ..,s7}: Al Z} image sequence

- CoT-VLA &= subgoal image prediction(Eq.2)0| A D,.&2 OtL|2t D, 2 & & & 75
-Eq30| M= D, 20 st

- D,.: Open X-Embodiment dataset

- D,: EPIC-KITCHENS, Something-Something V2

- Robot demonstration dataset D, = {(I, a1 7, S1.1)}
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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.

Training Procedures

» Visual Token Prediction

« j, visual tokenOi| CHSH d=1~D77FX[ 2] residual token= & O Z 57| 9/ NLL loss

- 5, subgoal imageS [ & ‘4d5t7| 2|

D
[:\-'iﬁ'l.l'd] = - Z Z lOg -Pé [:f{':jd|kj.,{d)

i d=1

» Action Token Prediction

« K| A| 21 SIX 2HEF 5, 2F subgoal image sy, = HHENC 2 S HFE action sequence S 0| 517
| Bt cross entropy loss
dL[IlJI'l - Z ng PH -at+n1|£-. Sty St+n}
* Overall Training ObJ ectives
0|22 MBS AL, 1 Ol20) S26t7| o) B 8X0| 2 &L, &

J‘-: = J":w;:liun + Evisual

ﬂ B THSED N | VDS |
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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.

Experiments
 Test-Time Closed Loop Control

- AXf statell X|A| == Y H2 2 B0} n frame Tl subgoal image & S

o
7] 212t m7H 2] action sequence ‘& S

g0
T 2 MELS JEIE 2500 =T goals F-Jot7| THA| 2

- . = |
- Ol & subgoal imageE &
=

=

- m7H 2| action sequence
s =

Algorithm 1 CoT-VLA test-time closed-loop control [ |——cecmmmmm e = = = é _____ ,
- F 1 te acti

Require: CoT-VLA Model Py, initial state 3, language pre-training data : B ! al s an Execu - 'on?

instruction [ Visual QBA, CoT-VLA - | i

Captioning, Text to Y ol- b/

te0 ?rage-"‘f’lideo.. @& G : .

robot demonstrations

r - TEmpE A A ""Psra: g il -
5 510) | = q Causal & Full-Attention
S forj - (tomide  ~ "~ "------------ T FaRs - ;

= T

1

) 1

I 1

while True do i . !
_______________ , e g

_ _ isample S”“.-“i-i.ﬂ-’*““ Ll i ! Q Q Q' i A A4 4!

1

1

1

1

e 832 568
b+ action-less videos

end for

te—t+m+1 & —— "Pn:k up carrot” \
s+ robotobservation 0000 | R FA I IR0 | DT 0 s s s capf&.ll.rf.- new observatlons
t e e e, closed-loop cbntrol cycle
end while !
T T
[ Figure 20: CoT-VLA test time X T E | [ Figure 16: CoT-VLA 28 31X |
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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.

Py Average (1) Spatial (1) Object (1) Goal (1) Long (1)
I | :Xp erlments Diffusion Policy 724 +0.7% 783+ 1.1% 925+0.7% 683+12% 505=+=1.3%
Octo fine-tuned 75.1 £0.6% 789+ 1.0% 85.7+09% 84.6+09% 51.1+1.3%

OpenVLA fine-tuned  76.5 = 0.6% 847 +£09% 884+08% 792+10% 53.7+13%
CoT-VLA-7B (ours) 81.13+0.6% 875+14% 91.6+05% 87.6:0.6% 69.0+0.8%

 LIBERO benchmark results [ Table 5: LIBERO Benchmark Results |
- Simluation 24 0| A 2| benchmarkE 47} X]| task 2 -

- Visual CoTE HIE® O 2 S7F HHA|Io| =& 580| & & 0f| 2t Goallt Long taskOf| A 2
ML SEAF
OO oo

 Franka-Tabletop benchmark results

- Franka2t= 7-DoF 2& ZH0{| CH 3t real-world benchmark
- CoT-VLAZ} multi-instruction task 2} &= S &0t taskO| A H| W 22! CH{H| %t H&5 FX|

—

Diffusion Policy Ceto CpenyLA CoT-VLA {Qurs)
933 933 9d.4 T
. 8.8
= N 7.4
447 tes 9.4 674 67
H00 s0.0
513 S50
333
267 St 278
19.4 R
0.0
a) Put carrot in bowl bl Put Com in bowl ¢} Flip Pot Upright d) Move <obj> &) Knock <obj> f) Cover <obj=>

——— Single instruction Tasks Multi-instruction Tasks ————

[ Figure 21: Franka-Tabletop benchmark results |
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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

Experiments

e Visual CoT visualization

[
>
X
9'_|-

- Visual CoTE Sl 57t THA 2| subgoal imageE M AU =N =2 17| 2 F7 L} action
MAMO| O E Bl0|St A 0l S
O O—| L =2 J =2 T AAO

[ —

“put red
bottle into

“put carrot
on plate”

 ——

“cover
white bow!
with towel”

“flip pot
upright”

|

“put the
bowl in the
bottom
drawer and
close it"

—

Initial States 7 |

Generated Goal States (Visual CoT reasoning) |

Final States:
9 4 ,,o,_ q| 5!._ 51 [ Figure 22: CoT-VLA Subgoal Visualization |
' SOGANG UNIVERSITY
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2) Zhao, Qingging, et al. "Cot-vla: Visual chain-of-thought reasoning for vision-language-action models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Ablation Studies

« Module & ablation  Video Data Pretraining

VLA + action chunking . . ) -+ .
- Video data®| CFY ot 22 S5l subgoal image
+ hybrid attention + CoT (ours) O;” = A‘i h 'c'>'|:A|'

100.0 _
80.0 87.5 = => action-less datal| & 754 X[ A|
400 475 733 81.8 749 797
40.0 s w/o pre-training 53.7
20.0 |
0 A 1 1 I . L] i
LIBERO-Spatial LIBERO-Goal w/ pre-training 78.8
[ Figure 23: 28 & Ablation Study | [ Figure 24: Video Data Pretraining 43S H| 1l |

 Better Visual Reasoning Helps
- A ATt subgoal image 2 CF GT subgoal images UHCE EAS I H5 &4

- O =5t subgoal image 24’3 0| robotic task2| Hs0f| 2 HM o =2 HeF2 O
=> (1mproved vision reasoning == improved action execution)

Sub-task 1  Sub-task 2

Generated Goal Images 20% 0%
Ground-truth Goal Images 60 % 40%

[ Table 6: Visual CoT with GT Image |
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Supplement [1]

def rotate_render(self, pcd, rotate_angle, ref_points):

rle and then

get_rotation_matrix_from_xyz(rotate_angle)
.deepcopy(pcd)

ref_points_temp deepcopy(ref_points)
ref_points_temp.rotate(R, ref_points_temp.get_center
vis = self.vis

vis.add metry(pcd_temp)
image = ¢ e_screen_float_buffer(do_render=Tr

points2d yi( points_temp.points

tColor(np.asarra age) * 25 cv2.COLOR_RGB2BGR)

n image, points2d

AW THED
SOGANG UNIVERSITY

Vi, 1] = (1/z)KT [P} 1]

ctr = v get view control()
param = ct
intrinsics

Rodrigu
extrinsics[:3
projectPoints{pcd, rvec, tvec, intrinsics,

n points2d[:, @, :].T

I
N
~

n

29

VDS

-
=
m



Supplement [2]

path.join("./ m', name + '.txt")
(para_file)
input_points = np.load ra_file, dtype=np.inté4)
orders = {input_points D i t_points[ f i in en(input_points))}
directions = {input_points[i, @]: input_points[i, 1] i dir e (len(input_points))}

e
My

=] 'J:l
=

g0 = o
4

orders = {}
directions = {}

Pt LR

txt_paths = sorted(glob.glob(os.path.join(gt_path, "*_c

2
2
2
Z2

Bd B3 R Pl

137 good_cut.pcd 165 good cut.pcd 288 good cut.pcd 242 good cut.pcd 278 good cut.pcd 312 good cut.pcd | 348 good cut.pcd
144 pood cut.pcd 172 pood cut.pcd 287 good cut.pcd 249 pood cut.pcd 284 pood cut.pcd 9 pood cut.pcd | 347 bulge cut.pcd
151 _good_cut.pcd 179 pood cut. , pood_cut.pcd 256 _pood cut.pcd  pood_cut.pcd 326 _pood cut.pcd . bulge cut.pcd
158 pgood_cut.pcd 186 pood cut.pcd _pood_cut.pcd 263 pood cut.pcd 385 pood cut.pcd _pood_cut.pcd | 361 bulge cut.pcd

~fWDSL_UY/datasets/Real3D-AD-PCD/candybar/test I
368 bulge cut.pcd 396 bulge cut.pcd 424 bulge cut.pcd 452 bulpes cut.pcd 488 sink cut.pcd 522 sink cut.pcd
_bulge cut.pcd 463 bulpe cut.pcd _bulpe cut.pcd 459 bulpe cut.pcd 494 sink cut.pcd 529 sinks cut.pcd

2 bulge cut.pcd 418 bulge cut.pcd 438 bulge cut.pcd 466 bulges cut.pcd 588 sinks cut.pcd
89 bulges cut.pcd 417 bulge cut.pcd 445 bulpes cut.pcd 473 bulge cut.pcd 515 sink cut.pcd

AoNIE T 09:03:13 PM

’iﬁl" :5{-15-‘:||jﬂb:;3_ | \V'[:)SS |
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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).

Limitation
1. Data preprocessing
- Multi-View Projection 2P0 O{= Hefe = ZX| 27 J5|{of =i
2.0l SG 0|& =H|

- 227| align ¥ rendering 2 0| A| anomaly areaS
normal 2 Q4]

3.8 AAl

- 3D= 2D image =

A szudta VDS
S
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Supplement [3]

ABTNE-D
SOGANG UNIVERSITY

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

Encoder Decoder

L1 4 5

Residual Vector Quantization. Our visual{teatures are discretely quanfized, so their representation
ability heavily depends on the code size uged in our quantizer. Sincg/ we hope they contain both
high-level and low-level features, we need/more capacities in their vgctor feature space, making a
larger code size necessary for good performance in downstream tasks. However, too many codes
for each image will result in too many tokens\for LLM to produce int the visual generation process,
incurring much latency. So in an attempt to jncrease the vector fgature capacity and meanwhile
maintain a reasonable number of tokens for LLM, we adopt a resiflual vector quantization method
following RQ-VAE (Lee et al., 2022) to discretjze a vector z as D/discrete codes:

RQ(2:C.[D) = (k.- kp) € [K]", 2

where C is the codebook, K' = |C| anfl %, is the code of z at depth d. Starting with ry = z, we
recursively perform vector quantization by

[[ke=0(rsn.0),
r rqg =rq_1—e(kd),

for each depth d = 1,2,--- |, D, where e is the codebook gmbedding table and Q is the standard
vector quantization:

(3)

;C) = argmi —fe(k)||3.
Q= C) 1?%6%11”2 (k)2 ()

The quantized vector for z is the sum over the depth dim:[z = Zil e (k; ). Intuitively, in each depth
we choose a code to reduce the quantization error. So ¢ indard vector quantization
methods, we have D codes to quantize one vector, allowing for finer approximation and larger feature
space. During multi-modal training and inference, LLM only needs to predict the code embedding,
with codes in different depth sequentially produced by a depth transformer taking the code embedding
as the initial input, as we will introduce in Section 3.2. So with this residual quantization, we can
enhance the representation capability of our vision tower while incurring little latency.
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