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Framework for Industry Anomaly Detection
and Reasoning
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Han Hao, Jianyuan Guo, Jinglin Zhang
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ADSeeker: A Knowledge-Grounded Reasoning Framework for Industry
Anomaly Detection and Reasoning

Problem

« MLLMs lag human experts in IAD due to insufficient AD-knowledge integration and imprecise anomaly-reasoning
language; fine-tuning risks forgetting.

Method

« Training-free ADSeeker retrieves relevant knowledge via Q2K RAG (visual-document KB, SEEK-M&V) and extracts
type-level defect features via a Hierarchical Sparse Prompt (HSP) expert module, both fused into the backbone VLM.
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<The architecture of ADSeeker>
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Anomaly Detection and Reasoning

Results & Contribution

ADSeeker: A Knowledge-Grounded Reasoning Framework for Industry

« SOTA ZSAD (94.0% avg. AUROC); boosts open-source MLLMs +3~6pts on MMAD reasoning without extra training,
beating training-based SOTA at modest overhead.

C

Industrial Defects Medical Anomalies
Model MVTecAD  VisA BTAD  MPDD  BrainMRI HeadCT  Br3sH  Veraee
CLIP[29] 74.1 66.4 34.5 54.3 73.9 56.5 78.4 62.6
WinCLIP[15] 91.8 78.8 68.2 63.6 92.6 90.0 80.5 80.8
AnomalyCLIP[40] 91.5 82.1 88.3 77.0 90.3 93.4 94.6 88.2
AdaCLIP[6] 89.2 85.8 88.6 76.0 94.8 91.4 97.7 89.1
AnomalyOV[34] 94.0 91.1 89.0 81.7 93.9 97.6 95.5 91.8
ADSeeker 94.3 91.5 94.0 85.9 97.5 96.6 97.9 94.0
<Image-Level AUROC performance of existing ZSAD approaches>
| ‘ Anomaly Defect ‘ Object ‘
Model Scale ~ Setting . U — . - U - Average
| | | Discrimination | Classification Localization Description ~ Analysis | Classification ~ Analysis |
LLaVA-OV[21] | g | Baseline | 51.17 46.13 41.85 62.19 69.73 | 9031 80.93 | 63.19
| | Seek-Setting | 55.35 (+4.18) | 49.86 (+3.73) 54.34 (+12.49) 57.17 (-5.02) 73.20 (+3.47)| 92.07 (+1.76) 84.31 (+3.38) | 66.61(+3.42)
LLaVA-NexT[25]| 7p | Baseline | 57.64 33.79 47.72 51.84 6793 | 81.39 7491 | 5932
| Seek-Setting | 64.10 (+6.46) |53.29 (+19.50) 58.13 (+10.41) 54.09 (+2.25) 71.20 (+3.27)| 87.70 (+6.31) 73.20 (-1.71) | 65.96(+6.64)
InternviL2o] | sp | _Baseline | 59.97 43.85 47.91 57.60 7810 | 74.18 80.37 | 63.14
\ Seek-Setting ‘ 63.26 (+3.29) ‘ 58.71 (+14.86) 49.45 (+1.54) 56.45(-1.15) 82.73 (+4.63) ‘ 84.79 (+10.61) 80.93 (+0.56) ‘ 68.05(+4.91)
Qwen2.5-VL[3] | 3B | Baseline | 51.10 41.07 44.87 61.43 7599 |  86.54 7958 | 6294
\ Seek-Setting ‘ 58.17 (+7.07) ‘ 48.71 (+7.64) 53.67 (+8.80) 69.79 (+8.36) 80.36 (+4.37) ‘ 86.78 (+0.24) 82.25 (+2.67) ‘ 68.53(+5.59)
| Baseline | 5535 49.86 54.34 57.18 7320 | 92.07 8431 | 66.62

Qwen2.5-VL[3] | 7B

| |Seek-Setting | 68.62 (+13.27) | 53.82 (+3.96) 55.57 (+1.23)

60.51 (+3.33) 77.40 (+4.20) | 89.91 (-2.16) 83.48 (-0.83) | 69.90(+3.28)

<Anomaly Reasoning Performance>
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TR-PTS: Task-Relevant Parameter and
Token Selection for Efficient Tuning

Sigi Luo, Haoran Yang, Yi Xin, Mingyang Yi, Guangyang Wu, Guangtao Zhali,
Xiaohong Liu

ICCV 2025
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TR-PTS: Task-Relevant Parameter and Token Selection for Efficient Tuning

Problem

« Most PEFT methods are task-agnostic, failing to exploit task-specific adaptation and leaving both efficiency and
accuracy suboptimal.

Image Full BitFit LoRA VPT-shallow

.M

Original Tokens

‘Relevant TRk Relevant >
Tunable Parameters@

Filtered Tokens 4

<Visualizing the Impact of Each Token on the Final Prediction>

Computational Cost TR-PTS Training Parameters

<Qverview of TR-PTS>
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Method

Fisher-Information-guided selection of the most informative layer-wise parameters to tune.

Buippaqua yo4vd

buamnmnt
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TR-PTS: Task-Relevant Parameter and Token Selection for Efficient Tuning

Task-relevant token selection — retain informative tokens, merge redundant ones — under a joint parameter-
token optimization.
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<Architecture of TR-PTS Framework>




Results & Contribution
« SOTA on FGVC and VTAB-1k, surpassing full fine-tuning by +3.40% / +10.35% with as few as 0.60% trainable

TR-PTS: Task-Relevant Parameter and Token Selection for Efficient Tuning

Natural Specialized Structured
g S| 2
S, 3 g 5 3
) ) - - oy
Dataset § § § % = v '% S g _‘2 é _§ % % 8 E
Method % 5 5 519 5 3 §/¢& 2 8 2 & 8 z z| < ¢
: fe: 3 £ %% % % g EEGE::EoO:
Q &) A = & 2 & £ &3 & & O &} A v 2 £2 ) ) = A
Full [14] 689 877 643 972 869 874 388|797 957 842 739|563 586 417 655 575 467 257 29.1 | 6557 100.00
Linear [14] 634 850 643 97.0 863 366 510|785 875 686 740|343 306 332 554 125 200 96 1925300 0.05
BitFit [36] 728 87.0 592 975 853 599 514|787 916 729 698 | 615 556 324 559 666 400 157 251 | 6205 0.16
Adapter [11] 741 86.1 632 977 870 346 508|763 880 731 705|457 374 312 532 303 254 138 22.1 |5582 031
AdaptFormer [3] | 70.8 912 705 99.1 909 866 548 | 830 958 844 763|819 643 493 803 763 457 317 41.1 | 7232 024
LoRA [12] 68.1 914 698 99.0 905 864 531|851 958 847 742|830 669 504 814 802 466 322 41.1 | 7263 0.90
VPT-Shallow [14] | 77.7 869 626 975 873 745 512|782 920 756 729|505 586 405 671 687 361 202 341 | 6485 0.13
VPT-Deep [14] 78.8 90.8 658 98.0 883 78.1 496 | 81.8 96.1 834 684 | 685 600 465 728 736 479 329 378 | 6943 0.70
SSF[17] 69.0 926 751 994 918 902 529|874 959 874 755|759 623 533 80.6 773 549 295 379 | 7310 0.28
GPS [39] 81.1 942 758 994 917 916 524 | 879 962 865 765|799 626 550 824 840 554 297 461 | 7518 0.25
TR-PTS (Ours) | 81.2 939 751 995 919 91.0 545|881 957 878 766|835 632 548 828 877 569 31.8 46.1 | 7592 0.34
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<VTAB-1k Results>
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Dataset | CUB-200 . Oxford | Stanford | Stanford
m 2011 | NABIS g wers| Dogs | Cars | Mean | Params.(%)
Full [14] 87.3 82.7 08.8 89.4 84.5 88.54 100.00
Linear [14] 85.3 75.9 97.9 86.2 51.3 79.32 0.21
BitFit [36] 88.4 84.2 08.8 91.2 79.4 88.40 0.33
Adapter [11] 87.1 84.3 98.5 89.8 68.6 85.66 0.48
AdaptFormer[3] 88.4 84.7 99.2 88.2 81.9 88.48 0.75
LoRA [12] 85.6 79.8 98.9 87.6 72.0 84.78 0.90
VPT-Shallow [14]| 86.7 78.8 98.4 90.7 68.7 84.62 0.29
VPT-Deep [14] 88.5 84.2 99.0 90.2 83.6 89.11 0.99
SSF [17] 89.5 85.7 99.6 89.6 89.2 90.72 0.45
GPS [39] 89.9 86.7 99.7 92.2 90.4 91.78 0.77
TR-PTS (Ours) | 90.0 87.1 \ 99.6 | 92.4 \ 90.6 \ 91.94 | 0.60

<FGVC Results>




Triad: LMM-based Anomaly Detection with
Expert-guided Rol Tokenizer

Yuanze Li, Shihao Yuan, Haolin Wang, Qizhang Li, Ming Liu, Chen Xu, Guangming
Shi, Wangmeng Zuo

ICCV 2025
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Problem

Triad: LMM-based Anomaly Detection with Expert-guided Rol Tokenizer

Generalist LMMs lack defect cognition and fail to attend to defect regions.

Existing methods identify defect patterns but cannot reason about their underlying manufacturing cause.

Query Image  Vision Expert

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

<Manufacturing Process for Cable>

Question: Are there visible defects or unusual aspects in the
product within this image?

A. No

B. Yes

RELS

Robot Inteligence Learning & System

<Main workflow of Triad>

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.




Method

Triad: LMM-based Anomaly Detection with Expert-guided Rol Tokenizer

« EG-Rol tokenizer — a modified AnyRes that injects expert-detected suspicious regions as additional visual

tokens.

* InstructlAD + CoT-M — a manufacturing-grounded chain-of-thought data organization.

InstructIAD: an IAD dataset with

-------------------------------------------

Attribute-level Description

: The unusual part of the printed

: circuit board (PCB) in the image is

, which

CoT-M: Generate CoT Answer with Manufacturing Processes.

---------------------------------------------------

i Normal Description:

: small glass bottle filled
: with a light yellowish-

................................

-------------------------------------------------

--------------------------------------------------

Abnormal Description

: “This image " top
: label is missing.”
v Coarse Label :

Label:
- Missing top label

--------------------------------

--------------------------------------

i “Thisimage showsa  {LLM

:
::' Sl o CoT |::>
"1 Augment with Product: i Answer +<CoT Answer>

<Img Cap>
+<MFG>

---------------------------------------

<Img>+<MFG>
+<COT Answer>

Manufacturing Process (MFG)
1. Banana Selection

5. Labeling

CoT-M Data Organization
Human: Based on the following image of a

production, answer the guestion that follows:

Image:

<image>/<Image Caption>

The following is the manufacturing process:
<MFG>

Question: Are there visible defects or
unusual aspects in the product within this
image?

A.No B.Yes

GPT: The answer is: A.

<CoT Answer>

CoT <Ilmg>+<MFG>
Answer +<CoT Answer>

<Overview of the proposed CoT-M data organization pipeline>
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<The whole workflow of EG-Rol>
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Triad: LMM-based Anomaly Detection with Expert-guided Rol Tokenizer

Results & Contribution

process is provided.

EG-Rol attains competitive accuracy against current LMMs; CoT-M vyields further gains when the manufacturing

« Introduces the domain-knowledge axis, at the cost of an external expert dependency.

2027020 A4 TdSIa G883

ate Preparation: The PCB starts with a raw fiberglass substrate (FR4 or similar), coated with

s case, is applied to the board. This mask protects the copper
where solder will be applied for

- The silkscreen layer is printed onto the PCB, marking component locations, labels,
and orientations (e.g.,, 'B+","B-", "M+, etc.).

E ds on the PCB where surface-mounted components

unted components (like the IC,

e .'JI,Il('_-']:" and places them onto the sol der-pasted pads

Human: Based on the following image of a product,
answer the question that follows:

Image:

<image>

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

Industry Anomaly Detection (IAD)

The answer is: A.

& Based on the image provided, the unusual
part of the printed circuit board (PCB) is the
missing component in the
This missing component is a

, 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 -

+ Manufacturing Process (MDIAD)

&The answer is: A. Yes, there are two defects on

the PCB. Missing component: The black

button ... located in the upper right corner ...
because there is a white square mark ... Missing
capacitor: ...as indicated by the white square

LLaVA-OneVision-ov:
Based on the image provided, there are no visible
defects in the PCB--

GPT4.
Based on the production process -, | do not
observe any visible defects in the product.

Qwen2-VL-72B:
Based on the provided production process and -,
there are no apparent defects in the product.

Myriad: The answer is: No -

<Comparison with and without manufacturing processes on a PCB7 example from PCB-Bank>
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|IAD-R1: Reinforcing Consistent Reasoning
in Industrial Anomaly Detection

Yanhui Li, Yunkang Cao, Chengliang Liu, Yuan Xiong, Xinghui Dong, Chao Huang

AAAI 2026
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IAD-R1: Reinforcing Consistent Reasoning in Industrial Anomaly Detection

Problem

« Vision-expert-assisted approaches are upper-bounded by the expert's performance.

« Naive end-to-send fine-tuning suffers from reasoning—answer inconsistency.

—— o — o —_——_——— -, - ——————_—— o ————— -, — oy

Expert-AD dataset
Are there any defects in

this query image?
<think>...</think>

@aa @

 SC-6RPO
SR SFT i Az 525% € Reon
High quality ——> I“'*'“' - Reype
COT dataset Mode i (ours) L-=-STo-

(Question: Are there wid (Claude-Sonnet-4 Answer: G
No, I don't observe any obvious defects

defects in the ‘resT image ? ] .
Looking at this image of what appears to be
a zipper, I can see the zipper teeth/coils
and the fabric tape on either side. The zup-
per appears to be functioning normally with
'©* J \the teeth properly aligned and mferlockedJ

IAD-Rl(ours) Answer. (‘.
<think>Upon examining the provided zippered fabric sample....., it Is
evident that has occurred at one point along the
section of this section.

making it
difficult for users to smoothly operate their zippers....Therefore,
further investigation into production processes.....</think>
<location> </location><type> </type><answer> - -</answer>/

:IOOGPT'4° Claude-Sonnet-4 = Qwen2.5-VL-72B  GPT-4.1 mours
190

:80

170 I

60 i

--MVTec ___VisA___ DAGM____ | R SDD____ MPDD __

80:24.0% 3.8 AT SC-GRPO(VisA) :
i +2.4....3/“ , O SC-GRPO(MVTec) !

+19.5% :I 5 I
:70 I'"Z0 !
: 65 :
60 160 |
. 55 PA- SFT&MVTec):
:5 P PA-SFT(VisA) i

<QOverview of the IAD-R1>
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IAD-R1: Reinforcing Consistent Reasoning in Industrial Anomaly Detection

Method

« Architecture-agnostic post-training: PA-SFT activates anomaly perception and establishes the reasoning—answer

correlation via the Expert-AD CoT dataset.

« SC-GRPO then applies structured rewards to drive a “perception — interpretation” leap.
Anomaly Interpretation

__________________

Are there any defects in |
this query image?

Reward Function

Policy Gradient Upcgn‘e

<type></type> <answer></answer>

b
1l

<think></think> <answer></answer>

Not

(2) Accuracy Reward

{ 1, Answer = GT
0, Otherwise

OL:H

<think></think> <location></location> %=

Consistent

8

Initial: (2,2)
Left: ( y1)
Right: ( y+1)
Top: (x-1, )
Bottom: (x+1, )
Location= GT
Otherwise

flt

0.6,
0.4,
0.3,
L0,

Exact match

0.85, Semantic match

Category match
Fuzzy match
Group match
Otherwise

| g Consistency /@g Type | : :
<think>...</think> ! 2 Reward HE Reward SC-GRPO i é_:_ Query E
5| @mm  Accuracy Location i | i image |
@ Reward 4= Reward  Candidate Responses | i | Are there any defects!
: . 'in this query image? |
! IAD-R1 é_:_ :
louol Reference KL divergence iPoIicy Model: : i
s—m ) Policy Model B > | o :
> — | 1<answer>yes</answer>_ |
k SC-6RPO Reward
Abnormal: (1) Consistency Reward s (3) Location Reward (4) Type Reward

Robot Inteligence Learning & System

<Method Overview>




IAD-R1: Reinforcing Consistent Reasoning in Industrial Anomaly Detection

Results & Contribution
« (Consistent gains across 7 VLMs (avg. accuracy +43.3% on DAGM at 0.5B

« SFT+RL emerges as the IAD post-training standard, removing expert dependency through RL-based reasoning.

Industrial Workpieces Surface Texture Question: Are there any defects The image shows a screw, afié
Type Model Parameter Average in the test image ? upon visual inspection, there are
MVTec MPDD VisA DAGM DTD SDD no obvious defects such as
— ! cracks, bends, or missing threads.
GPT-40-mini / 71.3 67.9 65.1 72.6 79.5 66.6 70.5 . However, the tip of the screw
GPT-40 / 69.6 60.3 63.5 63.0 69.9 65.7 65.3 / GPhI?el'C‘“"S S“Sigﬂybdﬂmﬂgeqdo" V‘g""".
: GPT-4.1-nano / 74.7 61.7 60.5 62.4 783  50.0 64.6 _ / i P
Commercial GPT-4.1-mini / 740 698 634 707 821 721 720 m P U N g
GPT-4.1 / 81.9 66.7 69.1 81.8 90.1 799 78.3 ‘ I more thorough analysis, especially
Claude-Sonnet-4 / 67.6 65.9 63.5 69.2 88.4  81.7 72.7 GT: YEs in terms of material integrity and
precise measurements, specia-
LLaVA-OneVision-SI 0.5B 50.0 50.0 50.0 50.0 543 50.0 50.7 lized equipment and tests would
Anomaly-OV[CVPR 2025] 0.5B 50.0 50.0 50.0 50.0 53.8 50.0 50.6 be necessary. Qwen3
Qwen2.5-VL-Instruct 3B 62.6 52.9 58.4 54.2 644 503 57.1 Looking at this screw in the image, I can see what appears to b&
AnomalyR1[arxiv 2025] 3B 69.4 56.0 59.8 56.7 61.0 57.6 60.1 some 5”"‘;‘1“— i"'"eg‘-l'(lﬂ'"iﬂeihor poTen?‘ial de:ecfs+hTP1\.ere 5|§efnd1t° ?.e
) some spots or marks on the screw's surface that could indicate
InternVL-2.5 4B 36.6 59.1 33.7 37.7 81.3 64.1 62.1 corrosion, staining, or manufacturing defects. The head of the
Open Source Qwen2.5-VL-Instruct 7B 66.0 56.0 58.4 ST.7 59.2 67.4 60.8 screw and parts of the threaded shaft show some discoloration or
AnomalyGPT[AAAI 2024] 7B 46.6 54.2 57.3 49.6 64.1 495 53.6 surface imperfections. Yes, there appear to be defects in this test
LLaVA-OneVision-SI 7B 82.0 57.0 59.6 754 76.8  55.1 67.7 image. Claude-Sonnet-4
Anomaly-OV[CVPR 2025] 7B 74 .3 70.3 743 77.5 90.7 88.7 78.9 <think>During my thorough inspection of this screw, focusirg
LLaVA-1.5 13B 614 614 672 S04 759 500 611 ) Dy i e i s
expected locations..... Upon closer observation near the upper-rig
LLaVA-1.6 34B 33.7 50.0 33.9 50.0 52.7 30.0 517 section, it appears there's evidence suggesting some
Qwen2.5-VL-Instruct 72B 774 64.7 68.2 717.9 81.9 69.0 73.2 has occurred—possibly indicating at those specific
. . points along the thread pattern. This irregularity stands out against
IAD-R1(LLaVA-OneVision-SI) 0.5B 81.0 69.4 74.9 93.3 955 886 83.8 our established standards which require smooth continuity across all
IAD-R1 IAD-R1(Qwen2.5-VL-Instruct) 3B 71.6 59.2 69.8 86.0 89.1 84.5 1.7 components without visible anomalies like cracks or deformities.
IAD-R1(Qwen2.5-VL-Instruct) 7B 81.9 65.8 754 85.2 90.8 83.4 804 Therefore ... requiring further investigation into potential causes
IAD-R1(LLaVA-One Vision-SI) 7B 86.7 70.9 78.0 94.8 96.2 90.1 86.1 leading up until now observed state. </think> <location> </location>
<type> </type><answer>Yes</answer> IAD-R1(ours)
<Performance comparison of different models on industrial workpieces and surface texture benchmarks> <Comparison of model output>
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ReAL: Reasoning-Driven Anomaly Detection
and Localization with Image-Level Supervision

Yizhou Jin, Yuezhu Feng, Jinjin Zhang, Peng Wang, Qingjie Liu, Yunhong Wang

CVPR 2026
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ReAL: Reasoning-Driven Anomaly Detection and Localization with
Image-Level Supervision

Problem
« Pixel-level localization in MLLM IAD relies on external modules (SAM, vision experts) and dense masks.

« Observation: only a few reasoning tokens (e.g., “scratch”) already attend precisely to the true anomaly regions.

74 l ’ Are there any defects or anomalies in the test image?

L
<think> ... The image appears to be a close-up of a circular object, possibly the g
top of a bottle or container... a noticeable scratch or mark on the surface near
the center...compared to the otherwise smooth and uniform appearance of the
rest of the surface...<think> <answer>Yes<answer>

cnr'cular' object

no‘nceable scratch mark sur'fdce

compared otherwise = smooth  uniform
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ReAL: Reasoning-Driven Anomaly Detection and Localization with
Image-Level Supervision

Method

« ReAL selects tokens by semantic relevance and spatial entropy, then aggregates weighted attention into a pixel
anomaly map.

« CGRO & GRPO with a Jaccard-consensus consistency reward (plus accuracy/format)

Training Inference

P
Are there any defects or anomalies in)"(
the fest image? m |

(a) All tokens (b) S:

1 1
Y
R
MLLM : rid split crack defect nut :
H 157,57 (023045)  (099.098) (097099) (057.099)  (045067) .
L o e Aggregation

[
|
sample 1 : <think>..has some natural ridges and a small split -
or crack ...The presence of the crack indicates a defect in . e
the hazelnut.</think> <answer>Yes</answer> :
1
I
1

-

-shaped texture color
sample 2 : <think>...The nut is oval-shaped with a 5 (051034)  (041032)  (023019)
textured ..The texture and color of the nut are consistent
with a healthy hazelnut.<think><answer> Yes</answer>

sample n i
I
) A - <think>The image shows a
g | single hazelnut against a dark
sample n : <think>..without any cracks,....and there are no - background. Upon closer
|
L i

signs of mold or rot..The hazelnut in the image appears to rot haz inspection, there is a visible
be in good condition . <answer>N crack or split near the top of
the hazelnut's shell. This
could be considered an

sample 1 sample.2 b 4 sample.n
anomaly as it deviates from
A A the typical smooth surface
of a healthy hazelnut.The
presence of the crack

(%)
-8
@) J = 0.76 , prediction:'Yes' J = 0.13 , prediction:'Yes' J = 0.02 , prediction:'No' indicates a defect in the
e ——— e e hazelnut. </think>
[Rac=1 Ryo= 1 Roge= t gl Rey= 1 Ry = 1 Ropy- 0 [ [INECONRRENEEROY N St
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ReAL: Reasoning-Driven Anomaly Detection and Localization with
Image-Level Supervision

Results & Contribution

« With image-level supervision only, competitive with dense-supervision methods on 4 benchmarks (ablation: pixel
AUROC 72.7—80.7, image AUROC 63.4—83.9).
« Unifies detection, localization, and reasoning within a single MLLM — the endpoint of the 08—09—10 arc.
Image-level Pixel-level Reasoning Image-level Pixel-level
Model Param. Anno. Model
AVG SDD DTD WFDD MVTec AVG SDD DTD WFDD MVTec MVTec-COT AUROC AUPR ACC AUROC AUPR ACC
GPT-40-mini [15] / / 70.9,71.4 66.2, 92.8 79.4,70.3 66.4, 63.5 71.5,59.0 N/A N/A N/A N/A N/A 19.0, 65.2 Vanilla 63.4 59.4 63.3 64.7 2.6 73.0
GPT-40 [15] / / 79.4,85.3 77.5,90.7 89.2,90.2 78.2, 78.6 72.7,81.7 N/A N/A N/A N/A N/A 19.9, 60.4 Vanilla + ReAL 63.4 59.4 63.3 61.7 5.1 85.6
GPT-4.1 / / 87.2, 88.4 84.4,92.1 94.3,94.3 86.8, 86.0 83.3,81.2 N/A N/A N/A N/A N/A 20.8, 69.9 Vanilla + CGRO 83.9 76.7 86.9 72.7 5.9 92.6
GPT-5-nano / / 80.3,81.6 82.6, 88.6 90.4, 87.2 80.2,79.7 68.0, 70.7 N/A N/A N/A N/A N/A 14.0, 50.0 Full 83.9 76.7 86.9 80.7 13.3 97.1
Gemini-2.5-Flash [9] / / 79.9,76.3 71.8,49.5 88.6,91.3 82.6, 82.2 76.5, 82.3 N/A N/A N/A N/A N/A 17.6, 68.1
LLaVA-OneVision-SI [23] 7B / 78.3,75.7 65.5, 67.8 91.5,89.9 77.0,75.0 79.4,70.1 N/A N/A N/A N/A N/A 10.5, 39.1
LLaVA-OneVision-OV [23] 7B / 78.5,81.4 68.1,94.7 92.4, 89.1 75.5,73.4 778, 68.5 N/A N/A N/A N/A N/A 23.7,70.5
LLaVA-1.6 [30] 7B / 62.9, 63.5 67.0, 50.4 70.2,74.2 59.5, 60.6 54.8, 68.9 N/A N/A N/A N/A N/A 18.6, 54.2
Qwen2.5-VL [3] 3B / 52.9, 56.6 46.3, 69.9 64.1,51.3 50.0, 52.3 51.0,52.8 N/A N/A N/A N/A N/A 16.8, 49.0 The image is a test image. Answer the
Qwen2.5-VL [3] 7B / 63.4,63.3 65.0,93.8 68.3, 56.2 60.5, 57.2 59.6,45.8 N/A N/A N/A N/A N/A 20.8, 65.5 quesh?’n:A’r‘e I‘here any defects or ~
Qwen2.5-VL [3] 32B / 746,719  824,90.1  81.0,73.0 684,705 66.5, 54.0 N/A N/A N/A N/A N/A 20.0, 6.1 n o Ty, [e5 0 Bne fesh imagen =
Qwen2.5-VL [3] 72B / 81.1, 80.4 84.5,95.6 91.2,87.6 74.5,72.8 74.1, 65.5 N/A N/A N/A N/A N/A 21.1,67.5 il el
Qwen3VL-thinking [43] 8B / 78.8,73.0 70.5, 52.1 94.6,92.3 75.7,74.3 744,735 N/A N/A N/A N/A N/A 19.3, 61.9 _ _ ‘
Qwen3VL-thinking-A3B [43] 30B / 82.6,78.7 695,553 964,949 855,845  79.0,80.2 N/A N/A N/A N/A N/A 16.9, 58.9 '::‘;';kr ;:ze::f d::gj'L;::f;E” 5:2';’; :::*v;‘;:fu:’fnm
InternVL-2.5 [8] 8B / 69.8, 72.9 63.7,96.3 81.0,72.8 65.9, 63.1 68.7,59.3 N/A N/A N/A N/A N/A 19.7, 57.5 P 5cT or anoma'y. A
_ context or a larger view, it's difficult o determine if this is a
InternVL-3 [55] 78B / 81.0, 83.4 82.5, 88.6 91.4,92.0 75.2,75.9 747,772 N/A N/A N/A N/A N/A 22.2,70.1 Seine St ko o SUnplhs tinar o Y desit. / thinks
MiniCPM-V-2.6 [48] 8B / 70.3,70.6 70.2, 97.1 76.8, 66.3 67.0, 64.2 67.0, 54.8 N/A N/A N/A N/A N/A 21.7, 68.3 e e anivess e ST D
Triad [26] 7B T+ 85.5,83.8 79.8. 68.1 95.2,95.4 82.5,82.4 84.7,89.4 N/A N/A N/A N/A N/A 8.6,35.9 <think>The image shows a close-up view of a textured fabric
TAD-R1(Qwen2.5-VL) [27] 3B T+I /1 /,83.4 /,89.1 /! /,77.6 N/A N/A N/A N/A N/A 11 with a consistent weave pattern...Upon closer inspection, the
TAD-R1(Qwen2.5-VL) [27] 7B T+I /1 /,85.4 /,90.8 1,1 /,81.9 N/A N/A N/A N/A N/A 1/ fabric's weave is uniform without any visible defects such as
AnomalyGPT [11] 7B T+I+P 71.1,53.9 72.7,13.0 75.7,74.2 71.0, 56.2 65.1,72.2 77.8, 98.4 75.1,99.9 83.5,98.9 72.4,98.6 80.2,96.4 11.9, 36.7 holes, tears, or discoloration...The image displays a uniform and
EIAD [52] 7B T+l 68.4,73.3 52.7,87.2 83.4,74.8 59.6, 56.1 77.7,75.2 57.6,91.4 52.1,99.7 61.2,85.9 53.7,96.7 63.4, 83.5 21.1,65.7 defecf-f;ee j“b”‘: texture. </think> -
<answer>Yes</answer> Qwen2.5-VL-7B + R1 ©¢
Qwen2.5-VL* [3] 3B / 52.9, 56.6 46.3, 69.9 64.1,51.3 50.0, 52.3 51.0,52.8 55.6,57.2 45.4,10.6 714918 52.3,79.9 53.4,46.5 16.8, 49.0 i The | ) | ot PR
Qwen2.5-VL+R1# [12] 3B I 58.1, 60.5 54.1,94.8 57.9,38.0 55.0,51.2 65.3,57.8 72.6,88.0  74.4,99.9 85.6, 98.5 63.2,97.0 67.1,56.7 24.2,71.7 bur‘,’;p W:}:2"3;;;:::;::;‘:‘va';“;e°rla‘1:::::e:d:"j\ g
Qwen2.54VL:CGRO* 3B I 67.6,72.4 67.9, 82.5 78.3,74.4 61.4,59.9 62.7,72.6 735,943 75.2,99.8 86.1, 98.4 62.1,97.5 70.6, 81.5 25.6,72.4 i St e B e o s e icie v
Qwen2.5-VL* [3] 7B / 63.4, 63.3 65.0, 93.8 68.3, 56.2 60.5, 57.2 59.6,45.8 61.7,85.6 56.6,99.8 76.0, 98.5 56.5, 70.3 57.5,73.8 20.8, 65.5 visible near the top left corner of the image...The presence of
Qwen2.5-VL+R1* [12] 7B I 80.0, 82.0 77.3,97.2 90.7, 87.2 74.9,74.2 77.1,69.3 78.5,96.7 80.8, 99.8 92.7,98.6 67.0,97.6 73.6,90.9 26.3,73.8 the metallic object introduces an anomaly in the otherwise
Qwen2.5-VL+CGRO* 7B I 83.9, 86.9 81.4,97.0 94.5,93.6 79.9,79.8 79.8,77.3 80.7,97.1 82.3,99.8 94.2,98.6 70.5,97.8 75.6,92.2 27.1,74.7 uniform fabric. </think>

Qwen2.5-VL-7B + CGRO &

<answer>Yes</answer>
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Thank you

Question & Disscusion

RILS LAB
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