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Table 4. Ablation study of the CGRO hyperparameters, including
the number of top-k reasoning tokens, the Jaccard threshold ¢; and
d2. Base model is Qwen2.5-VL-7B + CGRO. Results are image-
level and pixel-level metrics on the WEDD dataset.

hyperparameter Image-level Pixel-level

01 d2 k AUROC AUPR ACC AUROC AUPR ACC
03 0.1 2 76.0 76.0 75.6 67.9 5.6 97.5
03 0.1 4 76.1 76.6 75.8 67.0 5.4 97.6
03 03 3 77.8 1.7 711 68.7 5.9 97.6
05 0.1 3 733 74.4 72.1 69.5 6.3 97.5
03 0.1 3 79.9 78.8 79.8 70.5 7.4 97.8

Table 5. Ablation study comparing different threshold configu-
rations for 73 and 7r. Base model is Qwen2.5-VL-7B + CGRO.
Results are pixel-level metrics on the WFDD dataset.

Ti T AUROC AUPR ACC
Maximum Curvature ~ Maximum Curvature 70.7 6.5 97.5
Median Maximum Curvature 70.4 6.3 97.5
Median Median 70.4 7.5 97.6
Maximum Curvature Median 70.5 74 97.8

7. Additional Qualitative Results

Impact of consistency reward. As shown in Fig. 5, ad-
ditional qualitative results highlight the impact of the con-
sistency reward. By introducing the consistency reward,
the model aligns reasoning with visual evidence, focus-
ing attention on true anomalies. This alignment leads to
consistent improvements in both detection and localization,
demonstrating that the consistency reward effectively en-
forces coherent, visually grounded reasoning, which en-
hances anomaly localization performance.

Comparison with other methods. Fig. 6 presents a
qualitative comparison of GPT-4.1 [3], Triad [5], Anoma-
lyGPT [1], EIAD [6], and our method. GPT-4.1 [3] and
Triad [5] exhibit strong reasoning capabilities but fail to lo-
calize anomalies at the pixel level. In contrast, our method,
trained solely with image-level supervision, achieves accu-
rate anomaly detection and interpretable reasoning, while
generating high-fidelity pixel-level localization maps. No-
tably, our method yields qualitative pixel-level localization
on par with AnomalyGPT [3] and EIAD [6], despite their
reliance on additional vision modules and pixel-level super-
vision.

8. Additional Ablation Studies

Hyperparameter ablation for CGRO. The CGRO mod-
ule has three hyperparameters: (1) k, the number of top rea-

soning tokens used for spatial consensus, (2) 41, a Jaccard
threshold enforcing high consensus on anomalous images,
and (3) J2, a threshold enforcing low consensus on normal
images. Larger k increases token coverage but risks includ-
ing noisy reasoning; d; and J, jointly shape the reward land-
scape to favor discriminative reasoning patterns.

Tab. 4 reports performance over varying (k, d1,d2). We
select K = 3, 61 = 0.3, and d2 = 0.1, which yield the
most consistent gains across both image-level and pixel-
level anomaly detection metrics.

Hyperparameter ablation for ReAL. The ReAL module
involves two thresholds: 7;, which filters tokens by spatial
entropy (lower entropy = more spatially concentrated at-
tention), and 7, which filters by semantic relevance (higher
St = stronger alignment with the anomaly query). To se-
lect these thresholds, we sort the tokens in ascending order
of S{" and St. We then determine the thresholds based on
the maximum curvature and median strategies.

As shown in Tab. 5, we ultimately select 7; as the thresh-
old determined by maximum curvature and 7; as the median.

Ablation on ReAL and CGRO. To complement the av-
eraged results reported in Table 2 of the main paper, we
provide the complete dataset-wise performance metrics for
the ablation study on ReAL and CGRO. As shown in
Tab. 6, ReAL consistently improves localization by extract-
ing anomaly-related tokens from the autoregressive reason-
ing process and aggregating their attention responses to pro-
duce pixel-level anomaly maps, which effectively enhances
the model’s pixel-level segmentation capability. Building
on this, CGRO leverages reinforcement learning to further
strengthen both detection and localization by aligning the
reasoning process with visual evidence. The dataset-level
breakdown shows clear gains at both the image level and the
pixel level, demonstrating the effectiveness of our method
and the complementary roles of ReAL and CGRO within
the overall framework.

Ablation on token selection in ReAL. To complement the
averaged results reported in Table 3 of the main paper, we
provide the full dataset-wise pixel-level localization met-
rics for the ablation on token selection in the ReAL mod-
ule. As shown in Tab. 7, combining both semantic rele-
vance St and spatial entropy 57 with composite weighting
leads to the strongest and most stable performance across
all datasets, confirming that spatial concentration and se-
mantic relevance provide complementary cues for selecting
anomaly-relevant reasoning tokens.



- i The image is a test image. Answer the question:Are there any defects or anomalies in the test wnage’j\ . .

Image

<think> ...There are no visible irregularities, distortions, or
missing elements that would typically indicate a defect or
anomaly. The pattern is consistent throughout the
image.</think> <answer>No</answer> Qwen2.5-VL-7B <2

<think>...The holes appear uniform in size and spacing, suggesting
a manufactured or engineered material. There are no visible
signs of wear, damage, or irregularities in the pattern...</think>
<answer>Yes</answer>

Qwen2.5-VL-7B+R1 ¥

<think>...Upon closer inspection, there appear to be two darker
spots within the pattern of holes. These spots are not uniform
with the surrounding holes and seem to be slightly larger and
more irregular in shape, suggesting they could be defects or
anomalies...</think> <answer>Yes</answer>

Qwen2.5-VL-7B+CGRO €&

Image
<think> ...it appears to be a hazelnut with a small hole on its
surface. This could be considered a natural feature rather than
a defect...There are no other visible signs of damage or
irregularities.</think><answer> No</answer>

- Qwen25-VL-78 %9

<think>...The nut is intact and has a smooth, brown surface with

visible ridges and a small hole near the top...The hole near the

top is a natural feature of the nut, not an anomaly...The hazelnut &
in the image is free from defects and anomalies.</think>
<answer>Yes</answer> Qwen2.5-VL-7B+R1 %2

<think>...The nut has a smooth, brown surface with a small hole near
its top. The hole near the top of the hazelnut could be considered

an anomaly as it is not typical for a healthy hazelnut to have such a
feature...The presence of a hole suggests some form of anomaly or N

defect.</think><answer>Yes</answer>
Qwen2.5-VL-7B+CGRO &

. , [The image is a test image. Answer the question:Are there any defects or anomalies in the test mmge”,]\ .

Image
<1'hmk> Ther‘e are no visible signs of defects such as cracks,
dents, or irregularities on the surface of the screw. The image
seems to be clear and focused on the screw without any
anomalies.</think><answer>No</answer>
Qwen2.5-VL-7B &

o ¢

<think>... It appears to be slightly worn at the tip. .. The
presence of wear at the tip suggests that the screw may not be | B8 |
in perfect condition, but it does not necessarily indicate a ESEIIES
manufacturing defect unless the wear is excessive or
uneven.</think><answer>Yes</answer> Qwen2.5-VL-7B+R1 S ©

<think>...The metal appears to be slightly worn or damaged near
the tip.Upon close inspection, the tip of the screw exhibits signs
of wear or damage, which could be considered an anomaly. ...The
presence of wear or damage at the tip of the screw indicates an
anomaly.</think><answer>Yes</answer>

Image

<think>... The surface seems uniform, and there are no obvious
sighs of corrosion, cracks, or other issues that would suggest a
problem with the object.</think><answer> No </answer>

Qwen2.5-VL-7B ¥

<think>...There is a small dark spot near the top left arm... The
small dark spot could be a minor imperfection or a reflection,
but it does not seem to affect the functionality of the
part...</think><answer>Yes</answer>

Qwen2.5-VL-7B+R1%®

<think>The image shows a metallic object with a central circular hole
and four symmetrical protrusions around it. ...A small dark mark or
anomaly is visible near the top left corner of the object. This could

be a scratch, a mark from manufacturing, or a defect.The presence [
of a small dark mark suggests an anomaly in the object's surface.

</think><answer>Yes</answer> Qwen2.5-VL-7B+CGRO G

Qwen2.5-VL-7B+CGRO &

LThe image is a test image. Answer the question:Are there any defects or anomalies in the test mage’,l\ ' -

6T Image
<think> ...it appears to be a close-up of a textured surface,
possibly fabric or a similar material. There are no obvious defects
such as holes, tears, or discoloration that would typically indicate
an anomaly...</think><answer> No </answer>
Qwen2.5-VL-7B &

<think>....Carefully examining the image, there are no obvious
defects such as tears, holes, or discoloration. The pattern and
weave appear uniform across the entire visible area, suggesting
a lack of anomalies...</think><answer>Yes</answer>
Qwen2.5-VL-7B+R1 ¥

<think>...Upon closer inspection, there is a noticeable dark spot or
mark near the center-right of the image. This spot contrasts
sharply with the surrounding fabric, indicating it may be a defect
or anomaly.The presence of a dark spot suggests an anomaly in
the otherwise uniform fabric.</think><answer>Yes</answer>

Qwen2.5-VL-7B+CGRO &

Image
<think>...There are no visible defects or anomalies such as =
cracks, scratches, or discoloration that would typically indicate
damage or irregularity. The image seems to be clear and free

from obvious issues.</think><answer>No</answer> {
Qwen2.5-VL-7B &

"<think>... The image does not exhibit any obvious defects such
as cracks, chips, or discoloration. The surface appears smooth
and uniform, suggesting no anomalies in material quality or
manufacturing process...appearance with no visible defects or
anomalies </think><answer>Yes</answer> Qwen2.5-VL-7B+R190 S

<think>...Upon closer inspection, there is a small, irregular mark or
scratch near the top center of the image, which could be considered
an anomaly. This mark disrupts the otherwise smooth and reflective
surface.The presence of a small mark or scratch indicates a defect

in the image.</think><answer>Yes</answer>
Qwen2.5-VL-7B+CGRO &

Figure 5. Qualitative comparison of Qwen2.5-VL-7B, Qwen2.5-VL-7B+R1, and Qwen2.5-VL-7B+CGRO.

9. Discussion

MVTec-COT Construction. Following the established Vi-
sionR1 pipeline [2], our data generation process incorpo-
rates a rigorous human-verification stage to filter reasoning
signals and minimize noise, thereby ensuring high-quality
data synthesis. All anomaly-related concepts—including

scene context, defect types, and spatial locations—are
grounded in the publicly annotated MMAD benchmark [4]
to guaranty biological and physical validity. To ensure the
integrity of our results, the MVTec-COT dataset is strictly
reserved for evaluation and is never utilized during training
or optimization, effectively preventing data leakage. Fur-
thermore, the complete dataset will be publicly released to



. . The image is a test image. Answer the question:Are
there any defects or anomalies in the test image? Q
Image w)

Gr'ound Truth

7

<think>The image depicts a textured brown leather surface with a‘
consistent grain pattern across its area. A noticeable defect exists
near the center-bottom right region: a small puncture with slightly
raised, darkened edges where the material curls inward, creating a
visible disruption in the otherwise uniform texture. The damaged area
contrasts sharply with the surrounding intact leather, which shows no
similar irregularities in color, texture, or structure. This localized
physical breach and its irregular appearance deviate from the
material's expected condition, indicating a clear manufacturing or
handling flaw. The presence of this distinct imperfection confirms the
\ anomaly.</think><answer>Yes</answer>

4
|
I
I
I
I
I
|
|
|
|
\

T <Th|nk>Upon inspecting the image, I notice a visible irregularity
1 around the center—a small puncture or tear in the material that
I disrupts the otherwise consistent texture of the surface. Such an
' irregularity typically constitutes a defect or anomaly when assessing

the quality of materials like leather or synthetic fabric.</thinks
l <answer>Yes</answer>

@ \/es, 'rhe,r'e is an anomaly in

| the image, at the bottom right of | center of the image.

| theimage. [ )
- m The image is a test image. Answer the question:Are
there any defects or anomalies in the test image? Q
Image w}

Gr'ound Truth

<think>The image depicts an oval-shaped white pill with small r'ed‘
specks across its surface, featuring "FF" embossed centrally. While
most of the pill shows a smooth, uniform texture, a distinct irregularity
is visible in the bottom center region. This anomaly presents as a rough,
protruding area with inconsistent coloration and texture, contrasting
sharply with the pill's otherwise regular surface. The defect's localized
roughness and material inconsistency suggest a manufacturing error,
likely contamination or improper material integration during production.
Such deviations from the expected structural integrity and appearance

7

48
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\

\ answer>

T <'rh|nk>Obser'vmg the image, I can see that the pill has some
| irregularities on its surface. Specifically, there is a visible chip or
I damage at the lower center edge, which might be considered a defect.
! There are also colored specks within the pill, but those appear to be

pqr"r of its design or formulation r'q'rher' than anomalies. The main point

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

confirm the presence of a defect in the product.</think><answer>Yes ,

R

@\/es, The image depicts a close-up of a S

e - - - —

brown leather surface with a textured !
pattern. The main industrial product in the :
image is the leather itself, showcasing its 1
natural grain and texture. A possible defect 1
visible on this otherwise uniform leather surface isa !
small tear or hole near the center-right area. This :
tear appears fo be an imperfection that could affect |
the integrity and appearance of the material. ;

[0.546875, 0.631836, 0.628906, 0.667969]. !
/

<think>The image depicts a close-up view

: of a textured surface resembling leather.

i The color is a uniform brown with a fine,

i crisscross pattern typical of leather material.

: material.A small dark spot is visible near the center of
i the image, which appears to be an anomaly compared to :
i the surrounding texture. This spot could be a defect :
: such as a scratch, mark, or discoloration.The presence :
i of adark spot suggests a potential defect or anomaly :

i inthe o'rherwnse uniform texture of the leather-like

ﬁ Yes. The image shows a close-up of an N

VYes, there is a defect in the image. The defect is a small hole located in the ‘|

oval-shaped tablet with the imprint "FF". ‘|
The tablet has a speckled appearance, | |
predominantly white with red spots and =l '
streaks. There is a visible breakage line :
across the tablet, suggesting that it may have been |
broken or split. This could be a possible defect in
the product if it was intended to be taken as a 1
whole. [0.439453, 0.741211, 0.56543, 0.824219]. 1
N e e e e e e e e o e o o o — —— '
TRLOUS e
<think>The image shows a close-up

of a white oval-shaped object with the

letters "FF" embossed on it. The surface

has small red specks scattered across it, :
and there is a noticeable indentation or mark near the :
bottom center.Upon closer inspection, there is an :
indentation or mark near the bottom center of the :
object, which appears to be a defect. This mark :
disrupts the otherwise smooth surface and is not :
typical for such objects.The presence of the :
indentation suggests a defect in the object's _:

surface.</think><answer>Yes </answer>

Figure 6. Comparison of GPT-4.1, Triad, AnomalyGPT, EIAD, and our method.

support reproducibility and further research in the commu-
nity.

Failure cases. Although our framework achieves compet-
itive performance using only image-level supervision, we
observe several typical failure cases (Fig. 7). These in-

clude the model’s attention being distracted by salient but
non-defective regions, coarser predicted anomaly bound-
aries compared to dense-supervision methods, and missed
detections in multi-spot scenarios. Furthermore, incorrect
image-level predictions inherently prevent the generation of



Table 6. Dataset-wise results image-level and pixel-level performance for the ReAL and CGRO ablation study. Ablation on ReAL and
CGRO. Vanilla denotes the original Qwen2.5-VL-7B. All metrics are macro-averaged across four AD datasets. Detection results are

reported as (AUROC, AUPR).

Image-level

Pixel-level

Model
AVG SDD DTD WFDD MVTec AVG SDD DTD WFDD MVTec
Vanilla 63.4,59.4 65.0, 13.7 68.3, 82.3 60.5, 63.7 59.6,77.7 64.7,2.6 60.6, 0.1 79.7,4.7 58.3,1.6 60.1, 4.1
Vanilla + ReAL 63.4,59.4 65.0, 13.7 68.3, 82.3 60.5, 63.7 59.6,77.7 61.7,5.1 56.6,0.1 76.0, 13.2 56.5,2.0 57.5,5.0
Vanilla + CGRO 83.9, 76.7 81.4,44.3 94.5,96.4 79.9,78.8 79.8, 87.1 727,59 72.5,0.2 87.1,13.1 63.3,2.7 67.9,7.5
Full 83.9,76.7 81.4,443 94.5,96.4 79.9,78.8 79.8, 87.1 80.7,13.3 82.3,2.6 94.2,26.4 70.5,7.4 75.6, 16.6

Table 7. Dataset-wise pixel-level results for the ablation on token selection in the ReAL module. Base model is Qwen2.5-VL-7B + CGRO.
We compare four configurations: using all tokens, filtering with spatial entropy .Si, filtering with semantic relevance St, and combining
both criteria. Results are pixel-level metrics reported on MVTec-AD, WFDD, SDD, and DTD, complementing Table 3 in the main paper.

. . AVG SDD DTD WFDD MVTec
Spatial entropy Sy Semantic relevant S

AUROC AUPR ACC AUROC AUPR ACC AUROC AUPR ACC AUROC AUPR ACC AUROC AUPR ACC

727 59 92.6 725 0.2 97.0 87.1 13.1 979 63.3 2.7 95.6 679 75 80.0

74.1 11.8 89.2 75.0 1.0 99.7 924 311 98.6 55.0 1.7 68.6 74.0 134 90.0

v 76.7 14.0 90.2 752 1.5 99.8 93.5 350 98.6 60.4 33 72.1 71.5 16.3 90.3

v 80.7 133 97.1 823 2.6 99.8 94.2 26.4 98.6 70.5 7.4 97.8 75.6 16.6 922

Answer than conventional industrial anomaly detection pipelines.

!<think>...The capsule shows a:
yvisible crack or split runningi
1 vertically along its length, which is!
!'an anomaly...</think> :

_________________ ,
:<Think>...The presence of the

idiagonal crack indicates an unomaly:
lin the wood's condition...</think>,
:<answer>\/es</unswar> 1

"(think> ...appear as gaps or|

breaks in the mesh, deviating
from the uniformity expected in1
such a design...</think>!
! <answer>Yes</answer> !
h 1
| <think>...The object appears to be 1
1 in good condition with no apparent !
' . N 1

defects or anomalies.</think> |
| <answer>No</answer> 1

Figure 7. Typical failure cases. (a) Attention distracted by salient
but non-defective regions; (b) coarser predicted anomaly bound-
aries; (c) missed detections in multi-spot scenarios; and (d) over-
all localization failure caused by incorrect image-level predictions
and the subsequent lack of valid reasoning.

a valid reasoning process, ultimately leading to an overall
localization failure.

Limitations. Our framework reflects a trade-off between
annotation efficiency and localization performance. While
relying solely on image-level supervision and avoiding aux-
iliary vision modules improves scalability, a performance
gap remains compared with fully supervised methods, par-
ticularly in boundary fidelity and attention misalignment in
complex scenes. In addition, real-time deployment is con-
strained by the autoregressive decoding latency of MLLM
backbones, as reasoning-based inference remains slower
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