Appendix of AG-VAS: Anchor-Guided Zero-Shot Visual Anomaly Segmentation
with Large Multimodal Models

This appendix includes the following five parts: 1) the construction of the Anomaly-Instruct20K dataset in Section A; 2)
additional experimental details in Section B; 3) further ablation studies and analyses in Section C; 4) more detailed qualitative
and quantitative results in Section D; 5) limitations of our method in Section E.

A. Construction of Anomaly-Instruct20K

(b) Online Instruction-Following Data
Generation

(a) Offline Structured Text Description Construction
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Figure A.1. The Anomaly-Instruct20K generation pipeline for ZSAS.

A.1. Motivation of Anomaly-Instruct20K

In this work, we construct Anomaly-Instruct20K, an instruction-tuning dataset specifically designed for zero-shot anomaly
segmentation (ZSAS). The motivation for developing this dataset is twofold. First, it introduces rich world knowledge
into existing large multimodal models (LMMs), enabling them to recognize anomalies, including their names, shapes, and
locations, and to encode such information into the proposed anchor embeddings through semantic interaction flows within
large language models (LLMs). Second, it equips the model with instruction-guided segmentation capability, allowing it to
understand user intent, perform interactive reasoning, and ultimately produce accurate anomaly localization.

To construct Anomaly-Instruct20K, we use samples from three public datasets as data sources: ReallAD [34], GoodsAD
[39], and DTD-Synthetic [2]. Among these, ReallAD [34] offers a large-scale industrial anomaly detection benchmark com-
prising 30 categories and multiple anomaly types, which serves as a key foundation for building our dataset. The GoodsAD
[39] dataset focuses on industrial goods, and the brand-dependent variations in product appearance contribute to a large ex-
pansion in the number of object categories. DTD-Synthetic [2] is a specialized texture synthesis dataset that enhances the
model’s ability to understand and handle texture-level anomalies.
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Figure A.2. Word cloud of Anomaly-Instruct20K. Note that the special anchor words [NOR], [ANO], and [SEG] have been removed to
reflect the true data distribution.

A.2. Pipeline for Constructing Anomaly-Instruct20K

Table A.1 illustrates the construction pipeline of the proposed Anomaly-Instruct20K dataset, which consists of two stages:
1) offline generation of structured text descriptions from raw images using LMMs (e.g., fields such as “Expectation” and
“Observation”) to provide source data; and 2) online generation of instruction-following data during training, where carefully
designed templates are applied to the source data to produce realistic fine-tuning samples for various segmentation tasks.

Offline Structured Text Description Construction. Unlike existing approaches [15, 29] that use LMMs to generate a
single text description and then convert it into task-specific datasets, we aim to construct structured annotations for each
image, as illustrated in Figure A.1 (a). Specifically, the structured data is designed to cover the following five aspects: Expec-
tation, which describes the object’s ideal normal appearance; Observation, detailing concrete visual deviations (e.g., location,
shape, size, or texture irregularities); Diagnosis, explaining why these deviations violate normal material or structural con-
sistency; Summary, converting the detected cues into a concise segmentation instruction and explicitly encoding the spatial
and appearance attributes required to ground the anchor tokens [NOR], [ANO], and [SEG]; and Explanation, synthesizing
all components into a coherent reasoning paragraph.

Our method fully leverages the image understanding and text generation capabilities of the science-oriented LMM Intern-
S1-241B [3]. We employ carefully designed language prompts together with human filtering to ensure the reliability of the
generated content. Compared to commercial closed-source models such as GPT-4V [1], Intern-S1 is not only open-source
but also demonstrates stronger capability in understanding scientific data, making it particularly suitable for our task. To
further enhance anomaly understanding, we provide Intern-S1 with both visual and textual prompts. For visual inputs, three
components are jointly fed into the LMM: the original image with the anomalous region highlighted by a green bounding box,
the original image with the anomalous region masked, and a normal reference image from the same category. The normal
reference image is selected following MMAD [15], using the SSIM score [35] and Bhattacharyya distance [7] to retrieve the
most similar sample. For textual inputs, in addition to the system prompt, we provide prior knowledge in the form of a single
sentence that specifies the object category, anomaly type, and corresponding explanation.

In designing the system prompt, we impose explicit constraints on the LMM’s textual outputs, such as prohibiting any
direct reference to ground truth annotations or prior knowledge. In addition, we provide an in-context example to guide
the model toward generating higher-quality and rule-compliant responses. Detailed formulations of the system prompt are
presented in Figure A.5. The final structured data further undergoes an additional round of manual verification, involving 10
annotators and requiring over 120 working hours.

Table A.2 illustrates the word cloud of Anomaly-Instruct20K. The results show that the dataset contains rich descriptions
of anomaly categories (e.g., material loss), appearance attributes (e.g., dark spot), and spatial locations (e.g., left side).
Such diverse semantic information facilitates LMMs in better understanding anomaly characteristics, thereby enabling more
accurate localization.



Table A.1. Construction of the Training Dataset.

Dataset Name Type Task Number Sampling Rate

ADE20K [40] Semantic Direct Segmentation
COCO-Stuff [9] Segmentation ~ Direct Segmentation

PACO-LVIS [27]
General Segmentation ~ PartImageNet [13]

Direct Segmentation

Part Semantic . .
Direct Segmentation

Datasets PASCAL-Part [11] Segmentation  p. oo Seomentation 200K 04
refCLEF [16] Direct Segmentation
refCOCO [16] Referring Direct Segmentation
refCOCO+ [16] Segmentation Direct Segmentation
refCOCOg [23] Direct Segmentation
ReallAD [34] .
Anomaly-Instruct20K  DTD-Synthetic [2] Anomaly %‘;gszfg;iﬁzgzzpﬁgt ~20k 0.25
GoodsAD [39] egmentation g
Road [30]
MIAD [4]
GC [22] Anomaly . .
Anomaly-Seg20K DTD-Synthetic [2] ~ Segmentation Direct Segmentation 20k 0.25
ZJU-Leaper [38]
ReallAD [34]
Visual Question LLaVA-150k [20] . General Conversation
Answering Datasets WebAD [36] Conversation Anomaly Conversation ~222k .

Online Instruction-Following Data Generation. After generating structured text descriptions for each image in the first
step, how can we leverage these source data to train a model with instruction-following zero-shot anomaly segmentation
(ZSAS) capability? As shown in Fig. A.1(b), instruction-following data are generated online during training by combining
the source data with randomly selected templates. For the three segmentation settings (direct segmentation, describe-then-
segment, and segment-then-explain), we design dedicated sets of instruction templates together with their corresponding
answer templates. To further enrich the variability of both instructions and responses, GPT-4 is employed to expand the
template collections.

Taking the describe-then-segment setting as an example, the instruction template "What are the {class._name}
in this image? Please describe them and then output the segmentation map" is randomly
selected from the instruction template set. The placeholder {class_name} is filled with a term randomly sampled from the
anomaly target set S, which includes entries such as defects, anomalies, and flaws. For this task, the corresponding response
is directly replaced with the Summary from the source data, which inherently contains the anchor words [NOR],[ANO] and
[SEG]. Subsequently, the image—instruction—response triplet is used as a training sample for instruction tuning. Detailed
instruction and response templates can be found in Figures A.5,A.6,A.7.

B. Experimental Details

B.1. Details of the Datasets

Training Datasets. Table A.l presents the auxiliary datasets used during the training of the proposed AG-VAS, which consist
of four components: general segmentation datasets, Anomaly-Instruct20K, Anomaly-Seg20K, and visual question answering
(VQA) datasets. For the general segmentation datasets, a setup similar to LISA [18] is adopted, including semantic segmen-
tation datasets [9, 40], part semantic segmentation datasets [11, 13, 27], and referring segmentation datasets [16, 23]. They
provide abundant samples for training the absolute semantic anchor [SEG], enabling it to more easily align with specific
anomaly semantics, such as holes, scratches, and pits. As described in Section A, Anomaly-Instruct20K provides the model
with world knowledge, allowing it to comprehend what anomalies are, where they appear, and their visual characteristics.
Additionally, it equips the LMM to perform both Segment-then-Explain and Describe-then-Segment tasks. For Anomaly-
Seg20K, we randomly sampled 20k images from several industrial anomaly segmentation datasets [2, 4, 22, 30, 34, 38],
ensuring a balanced distribution of normal and anomalous samples. These datasets are used for direct segmentation tasks
without requiring any additional annotations. Anomaly-Seg20K and Anomaly-Instruct20K are employed together to train
the relative semantic anchors [NOR]/[ANO] and the absolute semantic anchor [SEG]. This allows the model to utilize im-



age background information to detect relative anomalies, while simultaneously exploiting world knowledge and contextual
semantics to precisely localize absolute anomalous regions or objects (e.g., holes, bent wires). Finally, the VQA datasets
are further utilized to preserve the model’s language description and dialogue capabilities, with LLaVA-150k [20] used for
general conversation and WebAD [36] for anomaly-specific conversation.

Testing Datasets. Following [25], we evaluate AG-VAS on six datasets spanning industrial and medical domains under
the zero-shot anomaly segmentation (ZSAS) setting. In the industrial domain, MVTec-AD [5], KSDD2 [8], and RSDD [37]
are used for comprehensive evaluation. MVTec-AD, a widely adopted benchmark, contains 15 categories of textures and
objects. KSDD2 and RSDD are real-world industrial datasets, where KSDD2 evaluates anomaly localization under low-
contrast backgrounds, and RSDD focuses on defect detection on railway surfaces. In the medical domain, ISIC [12] is used
for skin lesion analysis, while ClinicDB [6] and ColonDB [32] are used for colon polyp segmentation. Notably, under the
zero-shot setting, the training and testing categories are disjoint, with substantial domain gaps.

B.2. Details of Implementations

Training details. By default, we adopt LLaVA-OneVision-7B [19] as our LMM backbone, equipped with a semantic image
encoder (siglip-patch14-384), while SAM-ViT-H [17] serves as the pixel image encoder for mask prediction. Training is
implemented using DeepSpeed [28] with the AdamW optimizer [21] at a learning rate of 0.0003. The learning rate is
scheduled using WarmupDecayLR, with the warmup period configured to 100 iterations. The weights Ap.. and Ag;. for the
segmentation losses are empirically set to 0.5 and 2.0, respectively. During instruction tuning, the LLM is fine-tuned using
LoRA [14] with rank 16 and a global batch size of 80. The trainable parameters include the LoRA weights, the proposed
SPAM and AGMD modules, as well as the LLM token embeddings and output head. To address the imbalance among the
four training data sources, we assign sampling probabilities of 0.4, 0.25, 0.25, and 0.1 at each iteration, as summarized in
Table A.1. Due to the imbalance in the sizes of the four main training datasets, we assign sampling probabilities of 0.4, 0.25,
0.25, and 0.1 for each step to balance the different data types and training tasks, as summarized in Table A.1. In addition,
to enable the relative semantic anchors [NOR]/[ANO] to learn how to localize anomaly regions based on the surrounding
image context, we train them exclusively on Anomaly-Instruct20K and Anomaly-Seg20K. The absolute semantic anchors,
in contrast, are trained jointly using all segmentation datasets. The full training of the 7B model requires approximately 30
hours on four A100 GPUs with 40 GB memory each.

Testing details. During inference, we by default employ the direct-segmentation approach, corresponding to the Implicit
Mode described in Section 3.1 of the main text. In this mode, the model uses its learned world knowledge and contex-
tual semantics to perform implicit internal reasoning and directly output the segmentation mask of the target anomalous
regions. Specifically, the default instruction used during inference is "Please segment the anomalies in this
image". After the LLM autoregressively generates a response containing the anchor tokens [NOR], [ANO], and [SEG], we
extract the final-layer hidden states corresponding to these tokens to obtain the anchor embeddings. These embeddings are
then fed into the proposed AGMD module to produce the segmentation probability maps P,,, and Fs. The two probability
maps are then averaged using a weighting coefficient of @ = 0.5 to obtain the final anomaly map. Finally, a threshold of 0.5
is applied to obtain the binary segmentation map M.

B.3. Details of Evaluation Metrics

In this work, four metrics are employed to evaluate the model’s ZSAS performance on novel categories. This includes
two threshold-independent metrics, which have been widely adopted in previous CLIP-based methods [10, 25, 41]: average
precision (AP) and the maximum F1 score at the optimal threshold (F1-Max). However, in practical industrial and medical
anomaly segmentation scenarios, the objective is not merely to produce anomaly score maps, but to obtain accurate binary
masks of anomalous regions. To this end, we further introduce the pixel-level intersection over union (IoU,,,) to quantify the
overlap between the predicted binary mask M and the ground-truth mask G for anomalous samples:
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(A1)

where N,,, denotes the total number of anomalous samples in the test set, and M,;, G; € {0, l}H W are the binarized
prediction mask and ground-truth mask for the ¢-th anomalous image, with H and W being the height and width of the
image, respectively.

To assess the model’s ability to reject normal samples by predicting an empty mask, we introduce an additional metric,



Table A.2. Ablation on different pixel image encoders on the Table A.3. Comparison of average inference time and maximum GPU

MVTec-AD. cost on MVTec-AD. The best results are shown in bold.
Pixel Image Encoder ~ AP Fl-Max IoUye  I0Uyp, Method Base Model AP IoU,, GPU(GB) Time (s)
SigLIP(ViT-L-14-384) 46.8 48.5 72.1 37.1 PixelLM LLaVA-13B 136 119 528 6.9
DINOV2 (ViT-L-14) 53.2 53.8 56.5 44.1
. LISA LLaVA-7B 9.8 10.2 15.6 0.6
DINOV2 (ViT-G-14) 57.8 57.3 64.2 49.2
DINOV3 (ViT-H-16)  59.6 589 746 494 LISAZ LLaVA-13B 376 318 278 L5
SAM-FT (ViT-H-16) 399 40.6 60.4 323 LISA*  LLaVA-OneVision-7B  41.0  32.3 19.9 0.97
SAM (ViT-H-16) 51.0 52.7 87.7 44.8 AG-VAS LLaVA-OneVision-7B  51.0  44.8 20.8 1.0

IoU,or, which equals 1 if the predicted mask for a normal sample is empty, and 0 otherwise:

N,
| N
1oUpor = 7-— > 1{M; = 0}, (A2)
nor i=1

where N, denotes the number of normal samples in the test set, M; is the predicted mask for the i-th normal image, 0
represents an empty mask (all pixels are zero), and 1{-} is the indicator function that returns 1 if the condition is true and 0
otherwise.

B.4. Details of the Model Architecture

The proposed AG-VAS adopts LLaVA-OneVision-7B
[19] as its default base LMM, with Qwen2 [33] as an
alternative LLM. Since Qwen2’s text embedding space Bidirectional Attention BLock * 2
has a default dimensionality of 3584, we use a To- )
ken Refiner composed of two linear layers to map the
extracted anchor embeddings into the 256-dimensional
SAM [17] image embedding space. The refined anchor
embeddings g, fnors ano are concatenated with three
learnable vectors Zgeg, tnor, tano and then fed into the pro-
posed AGMD, enabling the segmentation targets to be lo-
cated in the pixel embedding space based on the anchors.
Figure A.3 illustrates the architecture of the proposed ... > .
AGMD. It primarily relies on two bidirectional attention ...
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blocks adapted from SAM [17] to facilitate interaction
between the anchor and pixel embeddings. This design
allows the anchor embeddings from the LMM to more
effectively absorb information from the pixel embedding
space. Conversely, the pixel embeddings become bet-
ter aligned with the semantic embedding space through
cross-modal attention. Finally, the three output learnable vectors .., tpors tuno» Which have fully integrated information from
both the anchor and pixel embeddings, are multiplied with the refined pixel features f;) and then passed through softmax and
sigmoid activation functions to obtain the relative probability map [Pyor, Pano] and the absolute probability map P
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Figure A.3. The proposed AGMD architecture.

C. Additional Ablations and Analysis

C.1. Ablation on the Pixel Image Encoder

Table A.2 reports the performance obtained by replacing the default SAM (ViT-H) [17] with alternative pixel-level encoders.
Here, SAM-FT denotes the variant where a linear layer is appended to the encoder output and fine-tuned during training.
Results show that, in addition to SAM, other encoders such as CLIP [26], DINOv2 [24], and DINOv3 [31] also achieve



strong performance, with DINOv2 and DINOv3 even outperforming SAM in terms of ZSAS. This suggests that our method
is not tied to a specific pixel encoder and can flexibly adapt to different backbone choices. Moreover, as the representational
capacity of the encoder increases, the zero-shot performance of AG-VAS consistently improves, highlighting the scalability of
our framework. Notably, fine-tuning SAM with an additional linear layer leads to a significant performance drop, indicating
that preserving the original pre-trained representations is crucial for maintaining generalization.

C.2. Analysis of Inference Efficiency

Table A.3 compares different LMM-based methods in terms of ZSAS performance, maximum GPU memory consumption
per image, and average inference time on the MVTec-AD dataset. Our method achieves the best AP and IoU,,, while
maintaining competitive inference efficiency. In particular, AG-VAS significantly outperforms prior LMM-based approaches
such as LISA and PixelLM, demonstrating the effectiveness of the proposed modules. Despite the improved segmentation
accuracy, AG-VAS introduces only a modest increase in GPU memory usage and inference time compared to the LISA
baseline, indicating an efficient design. Overall, these results show that our method not only improves ZSAS performance
but also remains practical for real-world deployment.

C.3. Analysis of Failure Cases

Figure A.4 presents failure cases of the proposed

AG-VAS in the ZSAS task. It can be observed =  ,--------m-mmmmmoo oo
that AG-VAS tends to produce more conserva- ' 2 .
tive predictions; that is, for anomalous regions
without clear boundaries, the binarized segmenta-
tion masks are smaller than the ground-truth re-
gions. In addition, we find that AG-VAS performs
poorly when segmenting multiple anomalous re-
gions within a single image, especially when the
anomaly types differ significantly. For example,
in the second column (hazelnut), the crack out-
side the hole is ignored by the model, and in the
third column (wood), the small crack in the lower-
left region is not correctly localized. In future
work, we will further improve the model’s abil- ~  ~====-=====---==-------ommmmo oo
ity to simultaneously segment multiple anomalous
regions.

"AG-vAS  GT  Input

AG-VAS

Figure A.4. Failure Cases.

D. Detailed ZSAS results

In Tables A.4 to A.7, we present the detailed quantitative results for each specific category of the MVTec-AD datasets. In
Figures A.14 to A.26, we provide more extensive qualitative results for various categories across different industrial and
medical datasets. Moreover, we provide additional examples of the three instruction types: Direct Segmentation, Describe-
then-Segment, and Segment-then-Explain, in Figures A.10 through A.13.

E. Limitations

Although AG-VAS achieves state-of-the-art ZSAS performance across multiple medical and industrial datasets and produces
highly accurate binary segmentation masks, it still has two main limitations. First, despite its ability to leverage richer contex-
tual semantics and world knowledge during inference to enhance zero-shot generalization, LMM-based methods inherently
suffer from slower inference speed, which constrains their applicability in real-time industrial environments. Second, while
the segment-then-explain and describe-then-segment modes improve human—model interaction and provide greater inter-
pretability, they do not yield additional performance gains without more expert priors. The extra textual generation tends to
divert the model’s focus from the segmentation objective, which is why AG-VAS primarily adopts implicit reasoning mode
to directly output segmentation results.



f SYSTEM_PROMPT = """

You are an expert in industrial defect analysis.

You will be shown three images:

- Image A (the original image): It has a green bounding box overlaid to indicate the defect location; this bounding box
fully contain the defects and is only for rough localization, not part of the scene itself.

- Image B (a reference ground-truth image): It has green regions that fully cover all defect areas of the original image
with pixel-level precision.

- Image C (a reference normal image): It is a normal image of the same category as the original image A.

You may use Image B and Image C to understand what defective and normal regions look like,
but your final reasoning must only describe what is visually different in Image A.

You must produce a **machine-readable JSON block**, enclosed between <RESPONSE JSON> and </RESPONSE JSON>.
The JSON must have the following schema:

{

"exists": truelfalse, // whether a defect is present

"Expectation”: "<string>", // normal appearance (short)

"Observation": "<string>", // observed difference (short)

"Diagnosis": "<string>", // why it is defective (short)

"Summary": "<string>", // concise location & appearance (must include [NOR][ANO][SEG])

"Explanation”: "<string>" // natural-language summary combining Expectation, Observation, Diagnosis, Summary
}

Rules and constraints:

- JSON must be syntactically valid (double quotes, no trailing commas).

- Keep each field concise (1-3 sentences).

- Observation must describe at least TWO visual cues (choose from: location relative to the object, color/brightness
contrast, shape, size, texture, or difference from normal).

- Diagnosis must explain why those visual cues indicate a defect (e.g., breaks texture/uniformity, implies material loss,
suggests foreign object).

- Do not mention or refer to the bounding box, green mask, Image B, Image C, or image identifiers (e.g. "Image A",
"Image B", "Image C").

- Do not use wording such as "green box", "ground truth”, "mask”, "annotation”, "normal image", or "reference image".

- Output **only** the JSON block, nothing else.

Example output format:

<RESPONSE_JSON>
{

"exists": true,

"Expectation”: "The orange terminal block should have a smooth and uniform surface.",

"Observation": "A small dark pit appears on the right side near the edge, breaking the texture.”,

"Diagnosis": "This irregular depression indicates a surface defect.”,

"Summary": "The defect is a small dark pit located on the right side of the orange terminal block near the edge, as
indicated by [NOR][ANO][SEG].",

"Explanation”: "Normally, the orange terminal block should have a smooth and uniform surface. However, a small, dark
pit appears on the right side near the edge, breaking the texture. Therefore, this irregular depression indicates a surface
defect. In conclusion, the defect is a small dark pit located on the right side of the orange terminal block near the edge.”

}
</RESPONSE_JSON>

wnn

Figure A.5. The design of system prompts.



{class_name}: ["defects", "anomalies”, "visual defects", "surface defects", "appearance
anomalies", "product defects", "defective areas”, "abnormal regions", "flaws",

"irregular patterns”, "visual imperfections”, "damaged regions", "defective areas"]

Instruction Templates For Direct Segmentation:
e "Can you segment the {class name} in this image?",
e "Can you segment the {class_ name} for the object in this image?",
e "Please segment the {class_name} in this image.",
e "Please segment the {class_name} for the object in this image.",
e "What are {class_name} in this image? Please respond with segmentation mask.",
e "What are {class_name} in this image? Please output segmentation mask.",
e "Please highlight the {class_name} in the image.",
o "Please highlight the {class name} for the object in the image.",
o ‘"ldentify and segment the {class_name} present in this image.",
e "Segment all visible {class_name} in this picture.”,
o "Segment all visible {class_name} for the object in this picture.",
e "Could you localize the {class_ name} in this image by segmentation?”,
e '"Find and segment any {class_name} you can detect.",
o "Draw a segmentation map for the {class_name} in the picture.”,
o "Segment the region that looks different from the rest of the surface."”,
e "Locate and segment the abnormal region on the surface.”,
e '"Locate and segment the abnormal region for the object on the surface.",
o "Highlight the area that appears defective or inconsistent.",
e "Segment the surface area that does not match the normal pattern or texture.",
e "Please segment any regions that seem irregular, damaged, or abnormal.",
e "Locate the defective regions and output a segmentation mask.",
e "Find and segment the area that looks inconsistent with the surrounding material.",
e "Segment the part of the surface showing visual anomalies or defects.",
e "Please mark and segment the defective areas on this surface.",

Answer Templates For Direct Segmentation:

e "lItis [NOR][ANO][SEG].",

e "Sure, [NOR][ANO][SEG].",

e "Sure, it is [NOR]J[ANO][SEG].",

e "Sure, the segmentation result is [NOR][ANO][SEG].",
o "[NOR][ANO][SEG].",

Figure A.6. The design of instruction and answer templates for direct segmentation.
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Instruction Templates For Describe-then-Segment:

o "What are {class_name} in this image? Please describe the {class_name} and
then output the corresponding segmentation map.",

e "What are {class_name} in this image? Describe the {class_name} and provide
its segmentation map.",

o "Please locate the {class_name} in the image. Provide a concise description
about it, and generate the segmentation map.",

e "Please segment the {class_name} in the image. Provide a concise description
about it, and generate the segmentation map.",

e "Please segment the {class_name} in this image. Provide a concise description,
and then output the segmentation map.",

o "Please segment the {class_name} for the object in this image. Provide a
concise description for the {class_name}, and generate the segmentation
map.",

o "Please segment the {class_name} for the object in this image. Provide a
concise description, and generate the segmentation map."

Instruction Templates For Rejection:

e "No {class_name} detected. ",

e "It looks normal to me.",

e "The image appears to be normal.",

o "l don't see any {class_name} in this image.",

e "l don't see any {class_name} in this image.",

o "No visible {class_name} are present.",

e "There are no {class_name} that | can detect.",

e "This image appears free of {class_name}.",

e "No abnormalities detected.”,

e "Nothing unusual is found in this image.",

e "l couldn't find any signs of {class_name}.",

e "There don't seem to be any {class_name} here.",
e "This sample looks clean and defect-free.",

o "l didn't detect any suspicious areas.",

o "All regions in this image look normal.",

e "The product surface is defect-free.",

e "Inspection result: No {class_name} detected.",

o "No segmentation required — image is normal.",
e "Visual inspection shows no {class_name}.",

e "No anomalies found during analysis.",

e "l don't observe any defects requiring segmentation.”,
o "No defect masks needed for this image."

%

Figure A.7. The design of instruction templates for Describe-then-Segment and Rejection.



Table A.4. Comparison of different categories in terms of pixel-level AP on the MVTec-AD.

object AnomalyCLIP Bayes-PFL. PaDT PixelLM LISA-7B LISA-13B LISA-13B* LISA-OV LISA-OV* AG-VAS
bottle 55.3 64.7 10.1 229 14.2 15.6 343 35.0 475 45.8
cable 12.3 15.1 6.1 9.7 8.8 22.6 10.8 253 27.8 27.1
capsule 27.7 344 4.0 7.0 15.1 15.7 14.4 14.9 17.1 384
carpet 56.6 82.2 1.4 40.8 1.1 11.3 594 304 54.5 72.8
grid 24.1 41.1 0.7 0.7 0.4 0.5 60.4 234 57.5 64.1
hazelnut 43.4 70.9 5.8 7.6 11.5 11.7 36.0 34.8 55.9 70.2
leather 228 58.9 0.8 0.5 3.1 25 77.0 58.6 69.9 76.7
metal_nut 26.5 243 25.0 14.5 19.9 21.2 19.9 38.5 19.3 233
pill 34.1 294 9.6 31.6 15.6 40.8 20.6 32.0 253 25.5
screw 27.5 41.6 23 2.9 49 4.0 42 13.0 12.2 33.7
tile 61.7 75.9 8.5 8.1 3.7 49 85.3 69.1 79.8 89.6
toothbrush 19.4 34.0 4.8 21.7 5.9 5.8 28.0 9.3 25.0 534
transistor 15.6 12.9 9.2 16.9 6.7 7.4 11.1 12.7 15.6 19.6
wood 52.7 70.5 45 155 315 42.6 80.8 69.2 84.1 74.1
zipper 38.7 69.0 8.5 3.1 45 11.9 21.8 20.0 229 51.2
mean 345 48.3 6.8 13.6 9.8 14.6 37.6 324 41.0 51.0

Table A.5. Comparison of different categories in terms of pixel-level F1-Max on the MVTec-AD.

object AnomalyCLIP Bayes-PFL PaDT PixelLM LISA-7B LISA-13B LISA-13B* LISA-OV LISA-OV* AG-VAS
bottle 51.6 61.3 18.9 34.6 274 30.5 383 383 46.4 47.0
cable 18.9 235 14.8 16.4 13.8 27.3 17.1 36.9 38.0 34.5
capsule 31.0 40.5 7.9 132 27.2 26.3 27.8 26.7 27.8 46.5
carpet 57.1 74.9 3.7 437 32 18.6 57.2 37.7 52.4 66.3
grid 32.0 41.6 1.6 1.5 1.4 1.4 61.7 29.1 59.2 64.2
hazelnut 47.6 66.2 11.3 15.5 23.0 232 443 36.3 56.9 65.0
leather 332 56.9 1.9 1.4 49 53 70.4 62.1 64.4 69.2
metal_nut 33.1 355 36.2 36.3 379 39.1 21.0 534 21.0 22.6
pill 355 329 174 28.7 24.1 43.8 27.0 332 314 33.9
screw 334 441 4.8 5.9 10.5 8.7 9.6 232 26.9 4.7
tile 64.9 71.2 18.4 15.4 13.2 13.5 82.6 68.2 71.5 85.3
toothbrush 29.0 38.0 10.5 274 11.9 11.7 34.7 15.6 31.8 58.7
transistor 18.8 17.3 20.0 21.9 9.3 14.2 18.3 16.9 21.6 28.7
wood 55.2 65.5 10.6 26.4 34.8 413 74.8 67.8 77.2 72.4
zipper 45.0 66.9 15.9 6.3 10.3 224 27.8 29.6 284 52.2
mean 39.1 49.1 12.9 19.6 16.9 21.8 40.9 383 44.1 52.7

Table A.6. Comparison of different categories in terms of IoUan, on the MVTec-AD.

object AnomalyCLIP Bayes-PFL PaDT PixelLM LISA-7B LISA-13B LISA-13B* LISA-OV LISA-OV* AG-VAS
bottle 273 25.2 20.0 26.7 20.0 254 30.7 36.7 23.8 41.4
cable 10.3 7.5 11.5 5.0 34 8.9 4.0 234 16.0 29.2
capsule 16.8 7.6 4.7 49 54 8.3 16.0 14.1 12.1 36.3
carpet 325 48.9 16.4 29.6 33 13.6 46.5 39.0 43.6 52.1
grid 20.5 244 12.9 2.0 0.8 0.5 43.7 32.8 479 41.7
hazelnut 28.0 9.4 14.5 13.2 17.6 23.0 45.8 447 45.7 64.4
leather 133 16.3 26.8 1.5 5.3 1.7 56.0 54.0 584 48.0
metal_nut 21.7 24.0 26.2 23.0 22.7 13.1 38.5 39.8 34.6 46.8
pill 20.5 9.2 10.8 10.5 9.0 19.4 18.7 294 31.2 54.5
screw 13.9 1.9 29 29 2.8 45 6.0 12.2 9.3 31.9
tile 432 51.7 46.9 19.1 5.3 14.9 74.1 58.7 61.6 75.0
toothbrush 20.4 6.9 72 4.8 7.3 6.6 13.1 7.7 243 43.7
transistor 14.7 13.8 9.9 8.6 5.5 0.5 7.0 12.9 13.0 18.8
wood 33.8 39.5 22.7 237 41.1 51.9 63.9 59.7 50.9 62.3
zipper 22.1 46.9 13.0 3.6 2.7 13.7 12.7 18.5 11.7 26.0
mean 22.6 222 16.4 11.9 10.2 13.7 31.8 323 323 44.8




Table A.7. Comparison of different categories in terms of IoUp, on the MVTec-AD.

object AnomalyCLIP Bayes-PFL  PaDT PixelLM LISA-7B LISA-13B LISA-13B* LISA-OV LISA-OV* AG-VAS

bottle 0.0 0.0 0.0 0.0 0.0 0.0 10.0 0.0 75.0 85.0
cable 17.2 0.0 0.0 345 259 17.2 0.0 0.0 56.9 55.2
capsule 73.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 91.3 95.7
carpet 78.6 96.4 0.0 0.0 0.0 3.6 100.0 57.1 89.3 100.0
grid 76.2 95.2 0.0 0.0 0.0 0.0 95.2 0.0 95.2 95.2
hazelnut 7.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 65.0 97.5
leather 28.1 53.1 0.0 0.0 0.0 0.0 90.6 0.0 96.9 96.9
metal_nut 9.1 0.0 0.0 0.0 0.0 0.0 36.4 0.0 95.5 95.5
pill 11.5 0.0 0.0 0.0 0.0 0.0 100.0 0.0 539 96.2
screw 48.8 0.0 0.0 0.0 24 24 4.9 0.0 90.2 53.7
tile 78.8 12.1 0.0 0.0 0.0 0.0 78.8 3.0 81.8 97.0
toothbrush 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 50.0 100.0
transistor 5.0 0.0 0.0 1.7 0.0 71.7 0.0 0.0 90.0 53.3
wood 36.8 53 0.0 0.0 0.0 0.0 68.4 0.0 89.5 100.0
zipper 100.0 43.8 0.0 0.0 0.0 0.0 68.8 0.0 93.8 93.8
mean 38.1 20.4 0.0 24 1.9 6.3 43.5 4.0 81.0 87.7
. 72 N
@' \Vhat is shown in this image? Could you give me |
1 adetailed description of the image? 1
________________________________________ AG-VAS
:’The image shows a close-up of a cable connector with three wires, each with different insulation colors: blue, \:
+green, and brown. The blue wire is on the left, the green wire is in the center, and the brown wire is on the right. ’
e LISA
I The image depicts a cable with three wires, which are are twisted together, indicating they are insulated electrical | a'
1 wires. )
| N T !
@ | Are there any anomalies in this cable? |
ottt AG-VAS
{ Yes, the anomaly is a bent and misaligned blue wire located in the lower-left section of the cable. This can create a !
:safety risk and may lead to electrical malfunctions, short-circuits, or even fire hazards. It is important to address such b
\issues by repairing or replacing the cable to ensure safety. )
[T T s . LISA
EThe wires on this cable are exposed, which may indicate an anomaly, and one of them appears to be damaged. i 'a'
® I T T Y e
- E Please segment the anomalies in ! AG-VAS |
1 this image. | P !
A ) [| oo [ 1
Skure, it is |
[NOR][ANO][SEG] |

Figure A.8. Comparison of the dialogue and segmentation capabilities between the proposed AG-VAS and LISA [18].
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& | \What is shown in this image? Could you give me |
1 adetailed description of the image? 1
N e e e e e e e 7
AG-VAS
| The image shows a toothbrush head with a white handle and a rectangular brush head. The bristles are arranged in a! 'Ql
.grld pattern, with some appearing frayed and uneven, particularly towards the top right corner. !
________________________________________________________________________________________ . LISA
' The image shows a toothbrush with its head down, displaying the bristles and the handle. ! la'
- | Are there any anomalies in this toothbrush? ‘:
1
T TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTITo AG-VAS

{Yes, the anomaly is a cluster of irregularly shaped and unevenly colored bristles located near the top of the toothbrush .
i head. The surrounding bristles appear intact and uniformly shaped. The defect area has a rough texture and a' |a|
I

|d|fferent color contrast compared to the normal bristles.

| Yes, there is an anomaly in the image. The anomaly is located near the center of the toothbrush, where the

:\bristles are frayed and disorganized

R
] . . )
- ! Please segment the anomalies in !
i this image. !

\

B

Sure, it is
[NOR][ANO][SEG]

& P
What are the defects in this image?
Please describe them and provide

i the segmentation results.

Please locate the anomalies in the
mage. Provide a concise description
P and generate the segmentation map.

i Please segment the defects in the |mage..§
i Provide a concise description about it}
=_ and generate the segmentation map.

shaped white particle located near
the bottom edge of the bottle. The
segmentation is [NOR][ANO][SEG].

'a’ The defect is a small, irregularly

51 The anomalies are three small,
round, dark depressions located
on the surface of the wood. The
segmentation is [NOR][ANO][SEG].

&

No anomalies detected.

“® What are the anomalies in this
image? Please describe them and
provide the segmentation results.

“® What anomalies are present in this
colon? Please describe them and
then output the corresponding
segmentation map.

| Please locate the anomalies in the i
i image. Provide a concise description i
| and generate the segmentation map.

: shaped depression with a slightly
darker central area and a rougher
i texture on the surrounding skin. The
i segmentation is [NOR][ANO][SEG].

The anomaly is a brown, irregularly

shaped mass with a smooth,

i shown in [NOR][ANO][SEG].

The anomaly is a protruding, irregularly
shiny i
surface and a darker hue, located in the ;
lower central region of the image, as i

[ v .
;aThe anomaly is a small, round, pinkish i
i protrusion located in the center of

i the image. The segmentation is

i [NOR][ANO][SEG].

Figure A.10. Some examples under the describe-then-segment task. Left: original images; Right: AG-VAS segmentation results.



Sure, [NOR][ANOI][SEG]. Typically, the burlap fabric exhibits a consistent
woven pattern. However, two thin, lighter-colored streaks are visible,
disrupting the uniform texture and color. These streaks suggest material
- wear or damage, indicating a defect. In summary, the defect is
i What are the defects in this‘i characterized by two thin, lighter-colored streaks on the burlap fabric.

i image? Please output thei
i segmentation and explain why. { /

Sure, [NOR][ANO][SEG]. Normally, the metal surface should be smooth
and uniform without any marks or discolorations. However, a small,
irregularly shaped dark stain appears near the bottom edge, contrasting
with the surrounding area. This disruption in texture and color indicates
contamination, likely from a foreign substance. In conclusion, the defect
S -, i is a small, irregularly shaped dark stain located near the bottom edge of
i What are the defects in this image?i | the metal.

i Please output the segmentation;
E_kand explain the reason: [N

PR

Sure, [NOR]J[ANO][SEG]. Typically, the normal appearance of the
human colon is smooth and uniform without any protrusions.
However, a noticeable protrusion is present in the image, which
contrasts with the surrounding smooth and uniform appearance. This
protrusion suggests the presence of a growth or lesion, commonly
known as a polyp, that is protruding from the surface of the colon.
- 3 The presence of a polyp can indicate various conditions such as
Please segment the polyp on i benign growths like hyperplasia, or it could be associated with
the colon in this image and malignancy in certain cases. In summary, the defect is a protruding
explain the reason. i lesion on the surface of the normal appearing human colon.

& ;N ),

/
Sure, [NOR][ANO][SEG]. Under normal conditions, the skin exhibits a
uniform light color and smooth texture. However, a distinct dark,
irregularly shaped area with a rough texture appears in the center,
contrasting with the surrounding skin. This irregularity suggests a

potential skin condition or lesion, possibly due to a pathological
- 3 process like a tumor or inflammation. The rough texture and darker
Please segment the anomalies i coloration indicate a break in the skin's uniformity, suggesting an
on the skin and explain the | abnormal growth or pathological change.
reason. i

Figure A.11. Some examples under the segment-then-explain task. Left: original images; Right: AG-VAS segmentation results.



Please segment the anomalies
in this image.

'P' It is [NOR][ANO][SEG].

Please segment the anomaly |n;
the top-left corner of this image.

PIease segment the secondé
smallest hole in this image.

'fa' Sure, it is [NOR][ANO][SEG].

'P' It is [INOR][ANO][SEG].

“* Please segment the holes in
this image.

'P' [NORJ[ANO][SEG].

hole in this image.

“® Please segment the largest

-Please segment the crack in
the bottom-left corner of this
image.

'9' It is [INOR][ANO][SEG].

'P' Sure, it is [NOR][ANOI[SEG].

Figure A.12. Generalization of AG-VAS to fine-grained segmentation instructions. Left: original images; Right: AG-VAS segmentation
results. AG-VAS effectively captures both positional cues (e.g., “top-left”) and attribute-specific descriptions (e.g., “the smallest”), achiev-

ing precise localization of anomalous regions.

# please segment the part of this |
toothbrush that makes it
unusable.

-~ A

@ Please segment the part that
prevents this screw from
functioning properly.

o senesy

#m  Please segment the part of this
cable that could potentially
cause a hazard.

'P' [NOR][ANO][SEG]. 'fa' It is [NOR][ANOJ[SEG]. 'fa' [NORJ[ANOJ[SEG].

!

| 4 s
4 Please segment the part of this

leakage.

tile that could potentially cause

& please segment the regions in
this colon image that may
cause illness.

4 : A

4 Please segment the regions in
this image that may cause
discomfort.

'fa' It is INOR]J[ANO][SEG].

IPI [NOR]J[ANO][SEG].

'fa' It is INORJ[ANOJ[SEG].

Figure A.13. Examples showcasing AG-VAS’s ability to leverage world knowledge for implicit reasoning and direct segmentation. Left:
original images; Right: AG-VAS segmentation results. AG-VAS exploits its learned world knowledge to conduct implicit reasoning and
precisely localize anomalous regions.
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Figure A.14. Visualization of segmentation results for the bottle and tile classes on MVTecAD. The top row shows the original input
images, the middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default
threshold of 0.5..
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Figure A.15. Visualization of segmentation results for the cable and grid classes on MVTecAD. The top row shows the original input
images, the middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default
threshold of 0.5.
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Figure A.16. Visualization of segmentation results for the capsule and carpet classes on MVTecAD. The top row shows the original input
images, the middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default
threshold of 0.5.



GT Input

AG-VAS

Figure A.17. Visualization of segmentation results for the hazelnut and leather classes on MVTecAD. The top row shows the original
input images, the middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the

default threshold of 0.5.
‘ ¢ 1 ’ N\ & 4 . . . . .

Figure A.18. Visualization of segmentation results for the metal nut and pill classes on MVTecAD. The top row shows the original input
images, the middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default

threshold of 0.5.
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Figure A.19. Visualization of segmentation results for the toothbrush and transistor classes on MVTecAD. The top row shows the
original input images, the middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results

using the default threshold of 0.5.



Input

&

i i
\ |
! | |
| | I
[ ] I TR |

GT

N R

AG-VAS

Figure A.20. Visualization of segmentation results for the wood and zipper classes on MVTecAD. The top row shows the original input
images, the middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default
threshold of 0.5.
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Figure A.21. Visualization of segmentation results for the screw class on MVTecAD. The top row shows the original input images, the
middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default threshold of
0.5.
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Figure A.22. Visualization of segmentation results on KSDD2. The top row shows the original input images, the middle row presents the
ground-truth masks, and the bottom row displays the binarized segmentation results using the default threshold of 0.5.
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Figure A.23. Visualization of segmentation results on RSDD. The top row shows the original input images, the middle row presents the
ground-truth masks, and the bottom row displays the binarized segmentation results using the default threshold of 0.5.
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Figure A.24. Visualization of segmentation results for the skin class on ISIC. The top row shows the original input images, the middle row
presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default threshold of 0.5.
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Figure A.25. Visualization of segmentation results for the colon class on ClinicDB. The top row shows the original input images, the
middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default threshold of
0.5.
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Figure A.26. Visualization of segmentation results for the colon class on ColonDB. The top row shows the original input images, the
middle row presents the ground-truth masks, and the bottom row displays the binarized segmentation results using the default threshold of
0.5.
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