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丨Preview

An obvious trend is that AD models are changing 
from specialist to generalist.

Current Industrial Anomaly Detection

The current large-scale AD datasets are 

still image-based and not yet suitable 

for post-training MLLMs!

MLLMs have great potential to achieve 

general anomaly detection!

Our MMR-AD dataset



丨Preview

MMR-AD: The current largest-scale Multi-Modal Reasoning-based industrial Anomaly 

Detection dataset.

MMR-AD can be used for both training and evaluating MLLM-based AD 
models.
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丨Motivation

What about current industrial anomaly detection?

• An obvious trend is that AD models are changing from specialist to 

generalist.

• General anomaly detection aims to learn a general AD model that 

can directly detect anomalies in diverse novel classes without any 

retraining or fine-tuning on the target data.

The AD community lacks multimodal AD datasets!

Why proposing MMR-AD:

• MLLMs have great potential to achieve general anomaly detection.

• Even the most powerful generalist MLLMs are still weak in fine-

grained anomaly detection and localization.

• The current large-scale AD datasets are still image-based and not yet 

suitable for post-training MLLMs.



丨MMR-AD: Overview

• Basic Information of The Dataset

• MMR-AD can be used for both training and evaluating 

MLLM-based AD models.

• MMR-AD is the current largest-scale multi-modal 

reasoning-based industrial anomaly detection dataset.

• We collected 127137 samples from 188 categories across 

14 public AD datasets. 

• The dataset contains a total of 395 anomaly types and 

112875 annotated anomalous regions.



丨MMR-AD: Data Collections

• To ensure data scale and diversity, we extensively collected and sampled from 14 publicly 

available AD datasets.

• To ensure data quality, we manually checked all the data and removed low-quality samples.

• To assist in subsequent text generation, we further manually annotated the bounding boxes 

and text labels for the anomalous regions.



丨MMR-AD: Text Generation

• We propose an automatic pipeline that can leverage current strong MLLMs to efficiently generate 

text data for each sample.

• To improve the accuracy of text generation, we further provide additional visual and textual hints.

• For visual hints, we plot a red bounding box for each anomalous regions.

• The textual hints are composed of the bounding box coordinates and anomaly types.



丨MMR-AD: Comparison

• High Quality: Our MMR-AD contains a wide range of product categories and rich anomaly types. 

We manually checked all the data and removed low-quality samples.

• Better Explainability: Compared with MMAD and Anomaly-Instruct-125K, MMR-AD provides a 

more comprehensive anomaly detection reasoning process, which can provide better explainability.

• Improvable: Our MMR-AD dataset provides original bounding box data, this means that it is 

improvable. If users are not satisfied with the existing texts, based on the raw bounding boxes and 

our automatic pipeline, they can generate better text data.



丨MMR-AD: Examples



丨Our Baseline: Anomaly-R1

• Two Stage Training Process: SFT -> RLVR

• Reinforcement learning with verifiable rewards (RLVR) is quite suitable for the AD task, as we can 

provide clear rewards for RL training.

• Result Reward: If the extracted final answer is correct, the reward is 1, otherwise it is 0.

• Consistency Penalty: Simply relying on the image-level answers is not precise enough. We further 

calculate the IoUs between the predicted bboxes and the GT bboxes, when the IoU > 0.5, we 

consider a predicted bbox being matched to a GT bbox. For N undetected GT bboxes, we add a 

penalty of -0.2 * N.

• Optimization Algorithm (GRPO):



丨Our Baseline: Anomaly-R1

• Contrastive Sampling:

• To avoid the case that all responses are negative, we include the correct text provided in our 

MMR-AD as a positive response to the group.

• If all responses are positive, we will randomly select two responses and then utilize an external 

MLLM to regenerate.

• Domain Knowledge:

• For each product category, we collect all non-repetitive text labels as domain knowledge, 

prompting the model to inspect whether there are corresponding anomalies in the reasoning 

process.

Domain Knowledge: In the <category name> sample, the following types of anomalies: <category-

specific anomalies>, may occur. You should carefully inspect whether there are these anomalies, and 

apart from these anomaly types, other minor differences do not need to be considered as anomalies.



丨Experiments

• Datasets:

• Evaluation subdatasets: MVTecAD, VisA, MVTec3D, MPDD.

• We utilize the above subdatasets as the testing set and the remaining 

subdatasets as the training set.

• Base Model:

• Qwen2.5-VL-7B, with LoRA.

• Metrics:

• Accuracy, Recall, and Precision.



丨Experiments

• Even the most powerful generalist MLLMs are still weak in anomaly detection and localization.

• Our finetuned Anomaly-R1-7B shows significant performance improvement.

• The domain-specific post-training of MLLMs is still necessary. Our MMR-AD can pave the way for 

multimodal AD research.



丨Further Analysis

• 1. Is the reasoning-based text necessary? It can be found that without the explicit 

reasoning steps, the model performs worse than the reasoning-based model.

• 2. Can MLLMs effectively utilize the normal reference image? The results indicate that 

normal reference image is valuable, the model`s general AD ability can be improved.

• 3. Can only RL incentivize AD reasoning capability in MLLMs? Unfortunately, directly 

applying RL to train the AD model has proven challenging in stimulating the MLLM`s AD 

reasoning capability.



丨Conclusions

Our evaluation of current SOTA MLLMs shows less optimistic 
results, domain-specific post-training is still necessary!

We hope that our MMR-AD can pave the way for multimodal 
anomaly detection research and promote the development of 

MLLM-based general AD models.

MLLM-based General Anomaly Detection!



Thanks!

Contact Us:
sunny_zhang@sjtu.edu.cn
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