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Supplementary Material

A. More Discussions

Chain-of-Thought Data. One concern about our work
is that our MMR-AD dataset relies on Chain-of-Thought
(CoT) reasoning, which is primarily designed for language-
centric reasoning tasks, while anomaly detection fundamen-
tally depends on fine-grained visual perception. Excessive
textual reasoning may distract the model’s attention from
visual cues. We think that CoT and fine-grained visual per-
ception are not conflicting. Our CoT reasoning is to teach
the model to carefully analyze the main areas in two im-
ages and compare them to identify discrepancies. The CoT
texts are closely around image contents (for fine-grained
image-text alignment) rather than just language-centric rea-
soning (see Fig.3). In Tab.5, we have also verified that
the reasoning data is critical. Without reasoning data, the
model performs significantly worse (88.8 to 81.3 and 74.9
to 66.1). Our Anomaly-R1-7B is finetuned from Qwen2.5-
VL-7B and can significantly outperform Qwen2.5-VL-7B
(see Tab.4), demonstrating the effectiveness of our dataset.

Domain Shifts in MMR-AD To ensure data scale and
diversity, our MMR-AD dataset is extensively collected
and sampled from 14 publicly available AD datasets. Us-
ing public datasets is because they are collected from the
real world and already have remarkable domain shifts (e.g.,
MANTA is from five domains: mechanics, electronics,
medicine, agriculture, and groceries, 3CAD is from 3C
electronics, GoodsAD is from groceries). The sensors and
lighting used during collection are also different. Among
these datasets,the product categories are completely differ-
ent. Thus, we think that cross-dataset experiments (Tab.4)
include strong domain shift challenges. The expected scope
of MMR-AD is still industrial AD and is not suitable for
direct application in medical or video anomaly detection.

Pixel-level Localization. Unlike conventional anomaly
detection methods that generate anomaly score maps, we
employ bounding boxes (bbox) to predict the location of
anomalies. Predicting bbox is because that current MLLMs
cannot output images, hard to generate segmentation maps
directly. However, in industrial applications, bbox is also a
commonly used way (e.g, many YOLO-based defect detec-
tors output bboxes). A feasible extension method is to com-
bine with SAM, where MLLM generates several special
<SEG> tokens after bbox tokens, and then utilizes these
tokens as conditional control to SAM, which predicts seg-
mentation maps based on the input image and conditional
tokens.

B. Spatially-aligned Normal Reference Sample

Normal samples are usually diverse, especially the fore-
ground objects may not be highly aligned in different nor-
mal samples. This may lead to a reduction in the normal
reference effect. To this end, we can select a spatially-
aligned nearest sample as the normal reference sample for
each input sample. In this paper, we follow [20] to em-
ploy a spatial alignment retrieval approach to retrieve spa-
tially aligned samples from test normal images for the in-
put image I. Given total N normal images, we extract
first layer features with a pre-trained light-weight network
(e.g., ResNet-18), the corresponding features are denoted
as {F; € RE»WoxCrlj = 1.2 ... N}. Then we col-
lect all raw patch features of different normal images to-
gether into the feature set P = {Flatten(F;)* € R |k =
1,2,...,NH,W,}. The K-means clustering algorithm is
performed on P to obtain N,. clustering centers C = {cj €
RC |k = 1,2,..., N.}. The feature map F; and cluster-
ing centers C are further utilized to calculate the block-wise
statistics for each normal image I;. Specifically, the feature
map F; is evenly divided into S x S grids as:

A H w,
Fiu,vERT?XTPXCP,U/’U:LQ,...,S (3)

For each grid, we can calculate its block-wise statistics in
the “Bag of Words” style as:
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where ., ,, denotes a BoW histogram of F"” with respect
to the codebook C. Specifically, we first construct IV, bins
and then calculate the distances from f; to all centers in
C. The value in the bin that is related to the minimum dis-
tance will be added by one. The histogram is then nor-
malized so that ||k, |1 = 1,Vu,v. We can obtain all
statistical histograms for an image I; and denote them as
Hi € RS**Ne Then, for the input image I and i-th nor-
mal image, we can calculate the KL divergence between
their histograms to measure the spatial alignment degree be-
tween them. Specifically, we calculate the block-wise KL
divergence D!, , = KL(H! . H,,) for each block (u,v),
where H, , means the histogram in (u,v) position of the
input image. By sorting the block divergences in increasing
order, we can get the following sorted block divergences
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The spatial alignment degree between I and I; is estimated
as:
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where 7 is a small number for ignoring large block diver-
gences.

Based on the spatial alignment degree, we can retrieve
the top-K neighbor normal images (we denote the set of in-
dices as 1) as few-shot normal reference images N.. F =
{I,,1,,,...,1,,}. Then, the nearest normal image I,,
is used as the normal reference image in our method (see
Sec.3.2 and Tab.2). In implementation, the hyperparame-

ters S, N, 7, and K are set as 5, 12, 5, and 10, respectively.

C. Text Verification Process

After obtaining the MLLM-generated texts, we should fur-
ther verify whether the generated texts are correct and filter
out the incorrect texts. To this end, we propose an automatic
verification approach. Specifically, we extract the predicted
anomaly regions from “<answer></answer>" and verify
whether they are consistent with the true anomaly regions.
We have checked all the generated texts and found that the
texts in all answers followed our data generation instruction
very well. When the answer contains “No”, there will be no
anomaly location outputs; only when the answer contains
“Yes”, there will be corresponding anomaly location out-
puts. All the generated anomaly regions are in { ‘bbox_2d’:
[x1, y1, x2, y2], ‘label’: ‘<anomaly type>"} format.

For normal samples, their generated answers should in-
clude “No”. Otherwise, the corresponding texts are consid-
ered incorrect. For abnormal samples, the answers should
contain “Yes”, and the predicted anomaly regions should
be consistent with the true anomaly regions. For each pre-
dicted anomaly instance (one “{...}”, Python dict), we cal-
culate the IoU between its bounding box and the bounding
box of one true anomaly region, and we calculate the se-
mantic similarity (SS) between their labels (we utilize the
SentenceTransformers library to measure text semantic sim-
ilarity). Only when the IoU > 0.9 and the SS > 0.6, we
consider the predicted anomaly instance can match one true
anomaly region. For one abnormal sample, the generated
answer is considered correct only if the number of predicted
anomaly instances is equal to the number of true anomaly
regions, and each predicted anomaly instance matches a true
anomaly region. Otherwise, the corresponding generated
text of this sample is considered incorrect. Moreover, we
also hired multiple experienced annotators to further check
whether the texts in <think> match the final answer and
remove the inconsistent texts.

D. Implementation Details

For the MMR-AD dataset preparation, we call the
Qwen2.5-VL-72B API to generate reasoning-based text
data. For the cold-start initialization of Anomaly-R1, we
adopt Qwen2.5-VL-7B as the base model and post-train it
via supervised fine-tuning for 3 epochs. We employ the
LoRA technique [22] to fine-tune the base model. The low
rank r and « hyperparameter in LoRA are both set to 16.
During the SFT phase, the learning rate is set to 2e-5, and
the batch size is set to 4. The learning rate warmup ratio
and the weight decay hyperparameter are both set to 0.1.

During the RL phase, for rollout, the prompt batch size is
32, and we sample 8 responses for each prompt. When gen-
erating responses, the key sampling hyperparameters, such
as temperature, top_p and top_k, are set to 1.0, 1.0, and -1,
respectively. The mini-batch size for model update is set to
8, which means we employ off-policy optimization and the
model will be updated 4 times for each rollout (i.e., 32 // 8).
We limit the maximum number of input prompt tokens (in-
cluding image tokens) to 2048, and the maximum number
of tokens for generation is set to 512 tokens. The € and S in
the GRPO algorithm are set to 0.2 and 0.001, respectively.
The learning rate is set to 2e-6. The learning rate warmup
ratio and the weight decay hyperparameter are set as 0.1 and
0.01, respectively. We utilize the VeRL framework [43] for
RL training.

During inference, we use the min-p sampling [33] strat-
egy with the temperature and mip-p hyperparameters set to
1.5 and 0.1. The maximum number of tokens for generation
is set to 512.

E. Qualitative Results

In Fig.4, 5, and 6, we provide the qualitative comparison of
our Anomaly-R1-7B with GPT-40 and Qwen2.5-VL-72B.
For commercial models, GPT-5 and 04-mini cannot be qual-
itatively compared as the APIs don’t provide users with
<think> texts. The <think> texts generated by Gemini-
2.5-pro are too long to effectively present in a limited space,
so we also don’t include it in the qualitative comparison.
For open-source models, as our model is based on Qwen2.5-
VL-7B, it’s very suitable for comparison with Qwen2.5-
VL-72B. Although both GPT-40 and Qwen2.5-VL-72B can
successfully identify the three examples as abnormal, their
decisions are based on hallucination (see Fig.4, 5), and
their anomaly localization accuracy is also poor (Fig.6). By
comparison, our Anomaly-R1-7B has correct reasoning and
shows more accurate anomaly localization results.

In Fig.7 and 8, we further show some failure cases gen-
erated by our Anomaly-R1-7B.


https://github.com/huggingface/sentence-transformers

Normal Reference Image Input Image

<think>The first image represents a normal sample, which gives a baseline to compare against.
Carefully observing the second image in comparison to the first one, a clear abnormality is
noticeable near the bottom left. A foreign object or broken fragment is visible within the inner
circle perimeter that does not exist in the normal sample. This anomaly disrupts the continuity of
the clean, uniform perimeter seen in the normal image.

To determine the exact location of the defect, | identify coordinates by referring to the position
of the anomaly in pixels normalized between 0 to 448 for x and y dimensions. This specific defect
has anomalous properties, and its label should reflect as ‘foreign object/broken
Predicted Bbox  fragment'</think><answer>Yes{'bbox_2d': 170, 330, 210, 360], ‘label’ 'foreign object/broken

fragment'}</answer>

GPT-40

<think>To determine if there are any anomalies in the second image compared to the first, I'l
Qwen2.5-VL-72B analyze the differences:

1. **Surface Texture and Color**: The first image shows a smooth surface with consistent
coloration around the rim. The second image has an irregular dark spot on the lower left side of
the rim, which appears to be a different texture or material.

2. **Shape and Symmetry**: Both images appear circular and symmetrical overall, but the
presence of the dark spot disrupts this symmetry in the second image.

3. **Light Reflection**: The light reflection patterns seem similar in both images, indicating no
significant changes in the material properties except for the dark spot.

Based on these observations, the dark spot is likely an anomal
</think><answer>Yes.{'bbox_2d'; [128, 409, 205, 476}, 'label"

Predicted Bbox

ark spot'}</answer>

<think>To determine if there are any anomalies in the second image, | will compare it with the

Ours first image which is considered normal.
1. **Visual Inspection**: The first image shows a clean and uniform surface with no visible defects.
The second image appears to have some irregularities.
2. **surface Analysis* *: Upon closer inspection of the second image, there seems to be an area
where the material looks different from the rest. This area has a rough texture and color variation
compared to the smooth surface in the first image.
3. **Location Identification**: The anomaly is located towards the bottom left quadrant of the
image. By analyzing the position relative to the overall structure, the coordinates can be estimated
as (97,296, 184, 370].

Predicted Bbox Based on this analysis, there is indeed an anomaly present in the second image.

</think><answer>Yes. {'bbox_2d": [97, 296, 184, 370], 'label": 'broken'}</answer>

Figure 4. Green marks correct reasoning and correct bbox coordi-
nates, red marks wrong reasoning and imprecise bbox coordinates.
Qwen2.5-VL-72B shows severe hallucination, thinking that there
is an abnormal dark spot, and locating to the white area at the bot-
tom of the image.

Normal Reference Image Input Image

<think>By comparing the two images, | notice that there is an anomaly (defect) present in the second
image. Specificall, there is damage or breakage on the blue cable area near its copper section. This
anomaly is visible as some of the copper wires have shifted or protruded from their original position
compared to the first reference image. | will output the location of the anomaly in terms of bounding box
coordinates.</think><answer>Yes, [{bbox_2d": (200, 190, 240, 230, 'label’: ‘copper protrusion
defect'}j</answer>

GPT-40

Predicted Bbox

<think>To determine if there are any anomalies in the second image compared to the first, I'l analyze
Qwen2.5-VL-72B each cable's appearance:
1. **Cable Insulation Color and Condition**:
- The colors of the cables (green, blue, brown) appear consistent between both images.
~Thereis no visible damage or discoloration on the insulation.
2. **Copper Wire Strands**:
- In the first image, the copper wire strands are tightly packed and evenly distributed within each cable.
- In the second image, the green cables copper strands seem slightly more spread out than in the first
image, but this difference is minimal and may not be significant.
- However, the blue cable in the second image shows a noticeable anomaly: some copper strands are
protruding and not contained within the insulation, which is not present in the first image.
3. **Overall Cable Structure**:
Predicted Bbox - The overall structure of the cables appears similar in both images except for the mentioned protrusion
in the blue cable.
Based on this analysis, the only notable anomaly is the protruding copper strands in the blue cable of the
second image.
</think><answer>Yes.{'bbox_2d':

4, 205, 240, 336), 'label": ‘Protruding Copper Strands’} </answer>

<think>
To determine if there are any anomalies in the second image, | will compare it with the first image. The
first image shows three circular objects with a consistent texture and color throughout. In the second
image, there is the blue circular of
damaged, revealing a different texture compared to the rest of

Ours

o have an irregularity ne

a section that seems to be cut or
object.

By analyzing the location of this anomally, it is evident that the abnormal area is located near the leftmost
circular object. The coordinates for this area can be estimated as [35, 186, 149, 247].
</think><answer>Yes. {'bbox_2d": [35, 186, 149, 247], "label': ‘cut'}</answer>

Predicted Bbox

Figure 5. Green marks correct reasoning and correct bbox coordi-
nates, red marks wrong reasoning and imprecise bbox coordinates.
Both GPT-40 and Qwen2.5-VL-72B show hallucination, thinking
that there is the copper protrusion defect without observing the se-
vere cut defect.

Normal Reference Image Input Image

<think>Upon comparing the first image (normal) with the second image, | observe that there is
an anomaly visible in the black capsule section of the pill. Specifically, there appears to be a chip
or missing part on the surface of the capsule near the boundary between the black and orange
sections. This defect disrupts the uniform shape and integrity of the capsule's design. Based on
careful inspection and comparison, | conclude that there is indeed an anomaly present in the
second image.</think><answer>Yes. {bbox_2d': [140, 200, 160, 220], 'label’: 'surface
chip'}</answer>

<think>To determine if there are any anomalies in the second image compared to the first, I'll

analyze the differences:

1. **Shape and Structure**: Both capsules appear to have the same overall shape and structure.

2. **Color and Markings**: The color distribution and markings ("actavis" and "500") seem

consistent between the two images.

3. **Surface Integrity**: Upon closer inspection, the second image shows a noticeable irregularity

on the black portion of the capsule near the seam where it joins the orange part. This appears as a

small chip or crack

Based on this analysis, there is an anomaly present in the second image related to surface integrity.
hink ¢

{'bbox_2d': [198, 214, 227, 246), 'label" 'surface damage'}</answer>

GPT-40
Predicted Bbox
Qwen2.5-VL-72B
icted Bbox
Ours

Predicted Bbox

<think>To determine if there are any anomalies in the second image, | will compare it with the
first image. The first image shows a normal capsule with no visible defects. In the second image,
upon close inspection, there appears to be a small area on the black part of the capsule where the
surface seems irregular and possibly damaged. This area is located near the right middle of the
black section.

By analyzing the differences between the two images, the anomaly can be pinpointed to the
location (189, 176, 230, 215]. This area shows an irregularity that is not present in the normal
sample.

</think><answer>Yes. {'bbox_2d": [189, 176, 230, 215], 'label": 'damaged capsule'}</answer>

Figure 6. Green marks correct reasoning and correct bbox coor-
dinates, red marks wrong reasoning and imprecise bbox coordi-
nates. Although both GPT-40 and Qwen2.5-VL-72B generate cor-
rect reasoning, the anomaly localization results are still not precise

enough.

Normal Reference Image Input Image

Predicted Bbox

<think>To determine if there are any anomalies in the second image compared to the first, '
analyze the following aspects:

1. **Shape and Structure**: Both capsules appear to have the same shape and structure. There
are no visible deformities or irregularities in the outline of the capsule in the second image.

2. **Color and Texture**: The color distribution between the black and orange sections appears
consistent between both images. There are no noticeable differences in texture or shading that
would suggest defects.

3. **Text and Markings**: The text \"500\" is present on both capsules in the same location and
font style. There are no apparent distortions or missing characters.

4. **Surface Condition**: Upon close inspection, the surface of the capsule in the second image
does not show any scratches, cracks, or other surface defects when compared to the first image.
After analyzing these points, it seems that the second image does not exhibit any anomalies
when compared to the first image.</think>

<answer>No.</answer>

Figure 7. Failure case. Red marks wrong reasoning.

Normal Reference Image Input Image

Predicted Bbox

<think>To determine if there are any anomalies in the second image, | will compare it with the
first image. The first image shows a normal cable with three wires of different colors (blue, green,
and brown) and metallic contacts on each wire.

In the second image, the same three wires are present, but one of them appears to have an issue.
Specifically, the blue wire seems to have a cut or damage near its metallic contact area. This is not
present in the first image, indicating an anomaly.

Based on this analysis, the location of the abnormal area can be identified as [230, 348, 353,
371].</think><answer>Yes. {'bbox_2d'" [230, 348, 353, 371], 'label":‘cut'}</answer>"

Figure 8. Failure case. Red marks wrong reasoning and incorrect

bbox coordinates.
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