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Abstract

Although recent methods have tried to introduce large mul-
timodal models (LMMs) into industrial anomaly detec-
tion (IAD), their generalization in the IAD field is far in-
ferior to that for general purposes. We summarize the
main reasons for this gap into two aspects. On one hand,
general-purpose LMMs lack cognition of defects in the vi-
sual modality, thereby failing to sufficiently focus on defect
areas. Therefore, we propose to modify the AnyRes struc-
ture of the LLaVA model, providing the potential anomalous
areas identified by existing IAD models to the LMMs. On
the other hand, existing methods mainly focus on identify-
ing defects by learning defect patterns or comparing with
normal samples, yet they fall short of understanding the
causes of these defects. Considering that the generation
of defects is closely related to the manufacturing process,
we propose a manufacturing-driven IAD paradigm. An
instruction-tuning dataset for IAD (InstructIAD) and a data
organization approach for Chain-of-Thought with manufac-
turing (CoT-M) are designed to leverage the manufactur-
ing process for IAD. Based on the above two modifications,
we present Triad, a novel LMM-based method incorporat-
ing an expert-guided region-of-interest tokenizer and man-
ufacturing process for industrial anomaly detection. Exten-
sive experiments show that our Triad not only demonstrates
competitive performance against current LMMs but also
achieves further improved accuracy when equipped with
manufacturing processes. Source code, training data, and
pre-trained models will be publicly available at https:
//github.com/tzjtatata/Triad.

1. Introduction
Industrial Anomaly Detection (IAD) plays a crucial role in
modern manufacturing, where continuous iteration of prod-
uct design and diverse inspection criteria call for robust and

adaptable inspection solutions. Although large multimodal
models (LMMs) have recently shown remarkable success
on general-purpose tasks, their performance in IAD remains
noticeably below expectations. We attribute this discrep-
ancy to two key factors.

First, current LMMs are typically trained to align vision
and language modalities for broad semantic understanding,
yet they lack the specialized ability to identify and focus
on potential defect regions. Industrial defects often ap-
pear subtly against complex backgrounds or in close prox-
imity to functional components, making a purely global,
coarse alignment insufficient. To address this challenge, we
propose an expert-guided region-of-interest tokenizer (EG-
RoI). Inspired by AnyRes module in LLaVA [16, 22, 23],
EG-RoI extracts high-resolution and potentially anomalous
regions of interest identified by existing IAD methods. By
explicitly highlighting anomalous and normal regions dur-
ing training, we enable the model to learn targeted visual
cues indicative of attributes of products and defects. During
inference, the high resolution suspicious regions predicted
by vision experts further serve as key references for more
precise anomaly detection.

Second, prevailing IAD approaches treat defects as iso-
lated visual phenomena, neglecting their intrinsic relation-
ship to manufacturing (MFG) workflows. In reality, anoma-
lies arise from process deviations (material impurities, as-
sembly errors, or equipment malfunctions) that propagate
through production stages. Existing methods, which rely
on image-level comparisons or defect taxonomies, fail to
leverage this causal knowledge. To bridge this gap, we
introduce a manufacturing-driven industry anomaly detec-
tion paradigm that weaves relevant manufacturing pro-
cesses into the reasoning process. Our framework incor-
porates: (1) An instruction-tuning dataset with attribute-
rich captions, InstructIAD, spanning a variety of products
and defect types from existing IAD datasets; (2) Chain-
of-Thought with Manufacturing (CoT-M), a data organi-
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High-Resolution Suspicious Regions

EG-RoI

Based on the following image and manufacturing process of a 
product, answer the question that follows:
<Manufacturing Process for Cable>
Question: Are there visible defects or unusual aspects in the 
product within this image?
A. No
B. Yes

The answer is: B.
Yes, there is an issue with the 
cable. The fact that two wires 
have identical blue insulation 
violates the standard for color 
coding step, which is essential 
for safe and effective usage.

Vision ExpertQuery Image

Figure 1. Main workflow of Triad. As shown in the figure, the query image is first passed through EG-RoI with the suspicious regions
predicted by the vision expert. These regions are cropped to keep a higher resolution than the query image and then encoded along with it.
The text input includes a basic prompt, the manufacturing process for the specific product (this kind of cable for this case) and a question
about anomaly detection. In this case, Triad finds out that the issue is the wrong insulation color, as the manufacturing process mentioned
that the cable is composed of three different color wires.

zation strategy that synthesizes defect causality by link-
ing anomalies to specific manufacturing steps. CoT-M ex-
pands InstructIAD by (i) editing normal product captions
at the attribute level to simulate product evolution and de-
fect occurrence and (ii) generating Chain-of-Thought pro-
cesses grounded in manufacturing steps via GPT. When
captions are unavailable, CoT-M employs a checklist-style
template mirroring human inspector workflows. Ultimately,
we propose Triad, a novel LMM-based method incor-
porating an expert-guided region-of-interest tokenizer and
manufacturing process for industrial anomaly detection.
We evaluate Triad on three benchmarks, MVTec-AD [2],
WFDD [6], and PCB-Bank [33], and assess results un-
der 0-/1-shot settings. Experiments show that Triad-ov-
7B not only achieves competitive performance against
both general-purpose and domain-specific LMMs but also
demonstrates further improvements when accounting for
manufacturing processes. Notably, with a single reference
image (1-shot), Triad-ov-7B achieves 94.1% on MVTec-
AD, surpassing Qwen2-VL-72B [31] by 2.1%. Extensive
analyses show the ability of Triad to comprehend complex
manufacturing workflows and extend to unseen processes.

In summary, the contributions of this paper include,

• Triad, a novel LMM equipped with an expert-guided
region-of-interest tokenizer and manufacturing-aware
Chain-of-Thought reasoning, achieving state-of-the-art 0-
/1-shot anomaly detection performance.

• A data organization strategy CoT-M and a human-
annotated instruction-tuning dataset InstructIAD, aug-
menting LMMs with causal defect understanding.

• Comprehensive zero-/one-shot benchmarks showing
Triad’s superiority over general-purpose and domain-
specific LMMs, with analyses demonstrating its ability
to generalize to unseen manufacturing processes.

2. Related Works
2.1. Industrial Anomaly Dectection
Traditional unsupervised IAD methods typically fall into
two categories. Reconstruction-based methods [20, 33, 36,
39] regenerate defect-free images to highlight deviations,
while feature-embedding methods [14, 25, 28, 29] com-
pare query embeddings against normal feature patterns. Al-
though effective, these methods usually require a dedicated
model for each product, limiting their adaptability in dy-
namic production settings.

Recent works have leveraged vision-language models
for zero-shot and few-shot anomaly detection by align-
ing visual features with textual prompts. For instance,
WinClip [12] measures similarity using hand-crafted text
prompts, and later methods [7, 8] enhance these prompts
with visual cues or learned representations. However, the
limited reasoning capabilities of their base models still
present challenges. Our work addresses this gap by intro-
ducing long CoT answers during training to fully harness
the reasoning power of large multimodal models.

2.2. Large Multimodal Models for IAD
Recent progress in LMMs has led to significant advances
across a variety of vision-language tasks, driven by im-
provements in visual-encoder architectures such as Q-
Former [17], adaptive visual encoding [34], and spatial-
aware visual sampling [38]. Several IAD-centric methods
attempt to incorporate such models by supplying textual
guidance. For instance, Customizable-VLM [32] tailors off-
the-shelf LMMs to anomaly detection using class-specific
prompts and normality descriptions, while MMAD [13]
employs a defect-aware strategy to integrate a database of
normal product features and defect descriptions. Although
these textual cues enhance performance, they still fall short
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of capturing the underlying interactions among manufactur-
ing steps that directly lead to defects.

The most closely related efforts include Anoma-
lyGPT [10] and Myriad [19], which fine-tunes LMMs to
the IAD domain. AnomalyGPT uses an image decoder to
predict pixel-level anomaly maps and then applies a prompt
learner to guide large language models, but its reliance on
coarse-level image tokens and predicted masks can lead to
loss of fine-grained details. Myriad leverages pretrained
IAD models as vision experts to resample fine-grained fea-
tures via Q-Former [17], effectively transferring general-
purpose visual perception into the IAD domain. However,
their reliance on simulated anomaly data and limited vision-
language alignment undermines their ability to capture fine-
grained visual attributes and understand manufacturing pro-
cesses, ultimately leading to suboptimal performance. To
bridge these gaps, our work, Triad, first enhances attribute
perception by introducing the CoT-M and EG-RoI, allowing
manufacturing-driven anomaly detection.

3. Methods

3.1. Problem definition

Manufacturing-driven industry anomaly detection aims to
determine whether an industrial product exhibits anomalies
by jointly analyzing visual features and detailed product-
specific manufacturing process descriptions. Given an in-
put image and a textual description of the manufacturing
process, the task requires the model to output a binary deci-
sion (normal or anomalous).

While standard IAD tasks (e.g., [10, 19]) primarily fo-
cus on visual cues, manufacturing-driven IAD leverages
intricate manufacturing process details, such as multi-step
production procedures, to support a deeper analysis. This
paradigm demands accurate visual attribute recognition and
sophisticated reasoning that accounts for the interplay be-
tween visual cues and contextual manufacturing informa-
tion, allowing more precise detection of defects arising from
complex process deviations.

3.2. Training Objectives

Based on the problem defined before, our input, noted as
X , is composed of vision part XV and language part XL,
with language annotation Y having n tokens (y1, y2, ..., yn)
from our training dataset, including InstructIAD and CoT-
M. XV is composed of query image Ximg and extra patches
produced by EG-RoI.

XV = EG-RoI(Ximg, Expert(Ximg)). (1)

Our fine-tuning procedure follows the common setting of
Supervised Fine-Tuning (SFT), including AdamW [26] op-

timizer and Cross Entropy loss function LSFT .

LSFT = −
n∑

i=1

log πθ(yi|X, y1, y2, ..., yi−1), (2)

where θ represents the parameters of LMMs and πθ(y|X)
represents the probability of LMM generating the response
y given input X . The whole training procedure could be for-
mulated as optimize LSFT (LMM(XV , XL, θ), Y ). Our
fine-tuning involves all parameters of LMM and has only
one stage with all tasks mixed from both InstructIAD and
CoT-M. Technique details will be demonstrated in Sec. 4.

3.3. InstructIAD Dataset
We first collect an instruction-tuning dataset with human-
annotated attribute-rich captions and coarse labels from ex-
isting IAD datasets, RealIAD [30], VisA [41], and MVTec-
LOCO AD [3], as shown in the left part of Fig. 2. Instruc-
tIAD comprises 9,444 abnormal and 13,578 normal sam-
ples spanning 40 different products in RealIAD and VisA.
From these, we manually annotate 2,098 samples (1,049
normal and 1,049 defect images) across all 40 classes,
providing fine-grained, attribute-level captions describing
products (e.g., color, shape, layout, material, texture) and
defects (e.g., location, orientation, shape, color). Instruc-
tIAD supports three key tasks: i) Anomaly detection – a bi-
nary (Yes/No) classification task for samples that only have
normal or abnormal labels, ii) Attribute-level caption – sim-
ilar to standard image caption but with a heightened focus
on detailed product and defect attributes, and iii) Anomaly
analysis – a two-part task where the model predicts whether
an image is normal or abnormal, then provides an explana-
tion grounded in the relevant visual attributes. Explanations
are generated by LLaMA3 [9] from the attribute-level de-
scriptions. Together, these tasks build a logical path from
fine-grained visual attributes to anomaly detection. Please
refer to Sec. C in the supplementary material for details.

3.4. Chain-of-Thought with Manufacturing
To achieve manufacturing-aware reasoning, we introduce
CoT-M: a data organization strategy that infuses Chain-of-
Thought (CoT) reasoning with manufacturing processes.
CoT-M is built upon InstructIAD and aims to enhance
anomaly detection by joint reasoning between product at-
tributes and manufacturing-related information.

CoT-M extends InstructIAD along two axes: (i) prod-
uct and defect diversity and (ii) manufacturing awareness.
The data-generation pipeline (Fig. 2) adapts to the informa-
tion available for each sample through three complemen-
tary modes: (a) Images with captions (Fig. 2, middle): The
original attribute-level caption and its MFG are fed into
GPT, which interleaves visual details with manufacturing
steps to yield a coherent chain-of-thought (CoT). The out-
come is an annotated triplet (image, manufacturing process,
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InstructIAD: an IAD dataset with
Attribute-level Description

or Coarse Label

“This image shows a 
small glass bottle filled 
with a light yellowish-
beige liquid. ”

Normal Description: 
“……with a pink liquid. ”
Augment with Defect: 

Augment with Product: 
“a cylindrical glass bottle……”

CoT-M: Generate CoT Answer with Manufacturing Processes. 

Abnormal Description

Coarse Label

Label: 
- Missing top label
- Missing bottom label

Checklist:
…
4. Label Application

Attribute-level Description
The unusual part of the printed 
circuit board (PCB) in the image is 
the VCC pin bend upward by 
approximately 30 degrees, which 
is the power supply pin …

Coarse Label (Original Label)
- Bend Pin

“This image ……  top 
label is missing.”

CoT-M Data Organization
Human: Based on the following image of a 
production, answer the question that follows:
Image:
<image>/<Image Caption>
The following is the manufacturing process:
<MFG>
Question: Are there visible defects or 
unusual aspects in the product within this 
image?
A. No     B. Yes
GPT: The answer is: A.
<CoT Answer>

LLM

GPT

Manufacturing Process (MFG)
1. Banana Selection 
…
5. Labeling

Pattern

<Img Cap>
+<MFG>

+<CoT Answer>

CoT
Answer

<Img>+<MFG>
+<CoT Answer>

CoT
Answer

GPT CoT
Answer

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

GPT

LLM

Figure 2. Overview of the proposed CoT-M data organization pipeline. Given normal product descriptions and manufacturing process
information (top row), the large language model expands product and defect types by editing product attributes, generating textual CoT
data. When incorporating visual input, there are two scenarios: images with detailed textual descriptions (middle row) and images annotated
only with coarse labels (bottom row), collectively forming multimodal CoT data.

reasoning trajectory); (b) Images without captions (Fig. 2,
bottom): For categories such as “juice bottle” in MVTec-
LOCO AD, caption information is absent. We therefore
invoke a checklist-style template that emulates a human in-
spector. Each coarse defect label is cross-referenced with an
LLM-generated MFG checklist to pinpoint the faulty visual
attribute; the completed checklist itself serves as the CoT
explanation. (c) Text-only exemplars (Fig. 2, top): Start-
ing from a normal product caption in InstructIAD, we syn-
thetically augment the product by altering attributes (e.g.,
colour, component type, quantity) and stochastically inject-
ing defect descriptions. GPT then generates the reason-
ing trajectory conditioned on the augmented caption and its
MFG, producing a purely textual CoT pair. After generat-
ing the accompanying reasoning trajectories with the aug-
mented descriptions and manufacturing processes, we man-
ually filter out any hallucinated or erroneous samples. The
final output, including an augmented caption, correspond-
ing manufacturing processes, and generated reasoning pro-
cess forms a new textual CoT answer pair.

3.5. Expert-guided RoI module
In LMMs, the image is encoded into tokens by a visual en-
coder such as CLIP [27] and SigLIP [37], thus the encoder
resizes the resolution of the input images to a fixed size. To
offset the effect of limited resolution, LLaVA-Next [22] has
proposed a technique called AnyRes by entering extra large
patches of the original image. This technique improves
performance and has been further developed in LLaVA-
OneVision [16]. However, dividing the whole image into
patches as extra patches is memory-consuming and redun-
dant for IAD, as most patches of a defective image do not
include defects. Accordingly, we propose the EG-RoI mod-

Expert-Guided RoI

Select area with 
high anomaly 

scores

Crop the 
origin 

image by 
the area

Visual Encoder

Text tokens

Vision Expert

LLM

Average pooling

Flatten

Visual tokens

Feature of 
base image

Feature of 
extra patches

Concatenate 
tokens

Pooled 
feature of 
extra patches

Figure 3. The whole workflow of EG-RoI, with cropped potential
defective area encoded as extra patches, Triad could have more
detailed visual information to inspect.

ule (see Fig. 3), which improves the recognition of product
attributes and defects. During training, ground-truth defect
regions together with randomly sampled normal regions are
supplied to the module. During the evaluation, we can lever-
age established zero-shot IAD vision experts—MuSc [18],
AnomalyCLIP [40], and April-GAN [7]—to supply infor-
mative suspicious regions to EG-RoI. Anomaly maps from
the vision experts are normalized and binarized; pixels scor-
ing > 0.9 define suspicious regions. Each region is en-
closed in a fixed-size box cropped from the image to pre-
serve resolution. To comply with the language model’s
context-length limit, heavily overlapping boxes are merged,
and the total number of regions is capped at four. The re-
sized original image forms the base view, while cropped
regions serve as auxiliary patches. Both the base image and
the patches are processed by the image encoder; patch to-
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Table 1. Zero-shot anomaly detection performance with manufac-
turing process (+MFG Proc.) on MVTec-AD [2] and WFDD [6]
datasets. The best results are in bold while the second best are
underlined.

Model Params
MVTec-AD WFDD

0-shot + MFG Proc. 0-shot + MFG Proc.

GPT-4o [11] - 82.2% 67.9% (14.3%↓) 78.5% 77.3% (1.2%↓)

Qwen2-VL [31] 2B 77.0% 46.7%(30.3%↓) 70.6% 45.2%(25.4%↓)

LLava-1.6 [22] 7B 76.9% 75.9% (1.0%↓) 63.8% 64.0% (0.2%↓)

MiniCPM-V [34] 8B 62.3% 51.6%(10.7%↓) 70.3% 52.1%(18.2%↓)

LLaVA-OneVision-si [16] 7B 77.7% 60.6%(17.1%↓) 65.2% 61.4% (3.8%↓)

LLaVA-OneVision-ov [16] 7B 91.0% 80.8%(10.2%↓) 79.8% 80.3% (0.5%↑)

Qwen2-VL [31] 7B 84.4% 61.1%(23.3%↓) 74.4% 61.4%(13.0%↓)

Qwen2-VL [31] 72B 87.1% 79.5% (7.6%↓) 81.1% 74.2% (6.9%↓)

LLaVA-OneVision-ov [16] 72B 87.3% 75.5%(11.8%↓) 75.0% 74.6% (0.4%↓)

Myriad [19] 7B 79.3% 81.5% (2.5%↑) 60.5% 61.7% (1.2%↑)

Triad-llava-1.6 7B 85.0% 87.5% (2.5%↑) 67.3% 69.9% (2.6%↑)

Triad-ov 7B 91.2% 92.6% (1.4%↑) 80.2% 81.1% (0.9%↑)

kens are average-pooled to save memory, flattened, and con-
catenated with the base-image tokens. The combined visual
tokens are then projected into the textual embedding space
and passed as a single sequence to the language model. By
supplying these high-resolution local views, EG-RoI allows
the LMM to conduct a more detailed MFG-driven inspec-
tion.

4. Experiments

Our experiments mainly focus on how manufacturing pro-
cesses boost LMMs in IAD tasks through our method, in-
cluding common results from general LMMs and LMM-
based IAD methods and ablation experiments of different
industrial contexts.
Implementation Details Our method is implemented on
both LLaVA-1.6 (the earlier version of LLaVA-NeXT [22])
and LLaVA-OneVision-ov (the checkpoint after the “one-
vision stage” of LLaVA-OneVision [16]), referring to them
as Triad-llava-1.6 and Triad-ov, respectively. We build
our approach on the LLaVA architecture by integrating
our expert-guided region-of-interest (EG-RoI) tokenizer.
Specifically, in the LLaVA-1.6 version, the original AnyRes
module is replaced with the EG-RoI module. In contrast,
for LLaVA-OneVision, we append the suspicious regions to
the output of the AnyRes module to fully leverage its native
anomaly detection capabilities.

To preserve the generalization of the base models,
we supplement our IAD-related instruction data by sam-
pling 12K pairs from the original fine-tuning datasets
of both LLaVA-1.6 and LLaVA-OneVision. Moreover,
since LLaVA-1.6 lacks inherent multi-image processing
capabilities, we constructed a simple dual-image caption
dataset using the COCO subset [21] from the ShareGPT4V
dataset [5]. This dataset is exclusively used in the 1-shot
setting to provide basic multi-image support. Given the
distinct objectives of 0-/1-shot anomaly detection, we offer

separate versions of Triad for each setting, with data orga-
nized by CoT-M with specific instructions. For the 1-shot
version of Triad-llava-1.6, we integrate the zero-shot model
with the one-shot model using a Confidence Voting Mecha-
nism (see Sec. E.1) to mitigate its multi-image inability.

Both Triad-llava-1.6 and Triad-ov were trained on
4×A800 80G GPUs with a mega-batch size of 128. For
Triad-llava-1.6, we set the per-device batch size to 8 with
a 4-step gradient accumulation. In the case of Triad-ov,
due to the context length increasing from 4096 to 32768
tokens, the per-device batch size was reduced to 1, and gra-
dient accumulation was increased to 32 steps. All other set-
tings follow those established for LLaVA-1.6 and LLaVA-
OneVision. With these configurations, 0-shot fine-tuning
requires approximately 3 hours, while 1-shot fine-tuning
takes about 5 hours for Triad-llava-1.6 and roughly twice
that for Triad-ov.
Evaluation Details We evaluate Triad using images from
MVTec-AD [2], WFDD [6], and PCB-Bank [33] for quan-
tity and quality results, complemented by product-specific
manufacturing processes. Since the original datasets do
not provide meta-information about their products, we em-
ploy ChatGPT4 to generate manufacturing processes based
on each product’s name and a caption describing a normal
(non-defective) item. In real-world industrial applications,
these manufacturing process details would typically be sup-
plied directly by the factory.

Our evaluation comprises 21 different products and a to-
tal of 3003 multiple-choice questions following recent mul-
timodal benchmarks [15, 24, 35], spanning both object and
texture categories. To broaden the complexity of anomaly
detection scenarios, we incorporate WFDD and PCB-Bank,
which introduce diverse texture-based and object-based de-
fect types, respectively. Similarly, we use multiple-choice
accuracy as the metric.

For zero-shot evaluation, the instruction follows the
same format as the anomaly detection task shown in Fig. 2.
For one-shot evaluation, general LMMs that support multi-
image directly input the query and a normal reference im-
age with a similar prompt with zero-shot, only the question
is replaced with:

The second image shows an acceptable product. Com-
pared to the acceptable product, find out whether there are
defects in the product in the first image.

LMM-based IAD method AnomalyGPT [10] and Myr-
iad [19] are tested according to their own instructions. Be-
cause of their low instruction following ability, we retrieve
the keyword yes or no for accuracy calculation. Detailed
demonstration can be found in Sec. B.
Baseline In this study, we perform extensive evalua-
tions against several robust baselines, including Anoma-
lyGPT [10] and Myriad [19]. General-purpose LMMs
exhibit enhanced reasoning capabilities as a result of be-
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ing fine-tuned on complex reasoning data spanning diverse
domains, including mathematics, chart interpretation, and
document analysis. For evaluation, we benchmark our ap-
proach against state-of-the-art general-purpose LMMs, in-
cluding Qwen2-VL [31], MiniCPM-V [34], the LLaVA se-
ries [16, 22], and the closed-source GPT-4o [11].

4.1. Main results

Quantity Results The zero-shot anomaly detection re-
sults are presented in Tab. 1. Although state-of-the-art
LMMs such as LLaVA-OneVision-ov-7B [16] and Qwen2-
VL-72B [31] demonstrate strong zero-shot performance on
MVTec-AD, WFDD, and PCB-Bank (see Sec. A.1), our
Triad-ov-7B remains highly competitive. Notably, by in-
tegrating manufacturing processes, Triad-ov-7B surpasses
LLaVA-OneVision-ov-7B by 1.6%, highlighting the advan-
tage of manufacturing-aware reasoning in IAD. In contrast,
most general-purpose LMMs fail to integrate manufactur-
ing information, resulting in a significant performance drop.
Interestingly, we also observe that Myriad benefits from
manufacturing processes, likely due to its built-in visual en-
hancement mechanisms.

To evaluate the adaptability of our approach, we provide
two versions of Triad based on different LMM backbones,
LLaVA-1.6-7B and LLaVA-OneVision-ov-7B. When start-
ing with the relatively weak LLaVA-1.6-7B model, Triad
yields substantial gains of 8.1% (from 76.9% to 85.0% on
MVTec-AD) and 3.5% (from 63.8% to 67.3% on WFDD).
Moreover, equipping Triad-llava-1.6-7B with manufactur-
ing processes adds a further 2.5% and 2.6% improvement,
respectively. Similarly, Triad-ov-7B outperforms the origi-
nal LLaVA-OneVision-ov-7B and gains an additional 1.4%
and 0.9% boost from manufacturing-aware reasoning on
MVTec-AD and WFDD, respectively. These results con-
firm that our approach generalizes effectively across differ-
ent model architectures and continues to enhance perfor-
mance even at higher baseline accuracies (e.g., above 90%).

Table 2 shows 1-shot results. Providing a single ref-
erence image generally degrades the performance of most
general-purpose LMMs due to their limited instruction-
following capabilities. Two exceptions, LLaVA-OneVision-
ov-7B (91.5% vs. 91.0% in 0-shot) and Qwen2-VL-72B
(92.0% vs. 87.3% in 0-shot), still cannot fully utilize
manufacturing information for anomaly detection (accu-
racy down by 5.7% and 1.6%, respectively). Meanwhile,
Triad-llava-1.6-7B achieves comparable performance to
both AnomalyGPT and Myriad under 1-shot conditions,
and significantly outperforms them with manufacturing pro-
cesses (88.4% vs. 85.4% for Myriad and 80.9% for Anoma-
lyGPT). Leveraging LLaVA-OneVision-ov-8B—a care-
fully tuned multi-image baseline—Triad-ov-8B achieves
92.9% on MVTec-AD in the 1-shot setting, further improv-
ing to 94.1% when incorporating manufacturing processes.

Table 2. One-shot anomaly detection performance with manu-
facturing process on MVTec-AD [2] The best results are in bold
while the second best are underlined.

Model Params MVTec-AD
1-shot + MFG Proc.

GPT-4o [11] - 77.6% 72.5% (5.1%↓)

Qwen2-VL [31] 2B 32.1% 30.7% (1.4%↓)
LLava-1.6 [22] 7B 72.3% 76.0% (3.7%↑)

LLaVA-OneVision-ov [16] 7B 91.5% 85.2% (5.7%↓)
Qwen2-VL [31] 7B 81.7% 84.5% (2.8%↑)
Qwen2-VL [31] 72B 92.0% 90.4% (1.6%↓)

AnomalyGPT1 [10] 7B 86.1% 80.9% (5.2%↓)
Myriad [19] 7B 87.4% 85.4% (2.0%↓)

Triad-llava-1.6 7B 87.7% 88.4% (0.7%↑)
Triad-ov 7B 92.9% 94.1% (1.2%↑)

These results suggest that even a strong base model can
benefit from the Manufacturing processes. Overall, our
findings demonstrate that Triad offers robust and flexible
anomaly detection across both zero-shot and few-shot sce-
narios, while the manufacturing-driven IAD paradigm con-
sistently delivers strong performance gains.
Qualitative results. Figure 4 compares IAD with and with-
out manufacturing processes. In the standard IAD setting,
Triad and GPT-4o both identify a board-level defect. How-
ever, Myriad incorrectly flags a different (normal) compo-
nent, and GPT-4o infers inconsistent soldering without a
clear visual cue. When manufacturing process information
is included, Triad accurately detects the missing button by
referring to the white square silkscreen mark, which indi-
cates the location of the button. This demonstrates Triad’s
manufacturing-aware reasoning capacity, even when han-
dling previously unseen manufacturing descriptions.

Figure 5 presents three representative cases. In the first
example (Fig. 5a), a surface discoloration might typically be
viewed as a defect (as GPT-4o incorrectly predicts); how-
ever, Triad recognizes that the discoloration corresponds to
the cranberry additive described in the manufacturing pro-
cess, leading to a correct classification. Thanks to the EG-
RoI module’s ability to capture fine-grained visual cues and
the data organization via CoT-M, Triad confidently aligns
the observed appearance with the relevant manufacturing
steps. In the second example (Fig. 5b), a pill containing
“yellow speckles” is mistakenly introduced into a produc-
tion pipeline that should only produce pills with “red speck-
les.” Triad correctly identifies the inconsistency between the
visual observation and the manufacturing procedures. GPT-
4o, though aware that red speckles are the standard, fails
to accurately match the color of the speckles in question.
This underscores the necessity of precise attribute recog-
nition for reasoning. Finally, the third example (Fig. 5c)
highlights Triad’s resilience to vision expert errors, where

1AnomalyGPT adds hints mentioning defect types for each product in
MVTec-AD test set.
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Human: Based on the following image of a product, 
answer the question that follows:
Image:
<image>
Question: Can you confirm if the product has any defects?

LLaVA-OneVision-ov: 
… it is not possible to definitively confirm … a 
thorough inspection would be required …

The answer is: A.
Based on the image provided, the unusual 
part of the printed circuit board (PCB) is the 
missing component in the lower right corner. 
This missing component is a rectangle-shaped 
component, which appears to be a capacitor...

GPT4:
…Answer: A. Yes … Defects observed include: …
areas with inconsistent soldering … Some 
components appear to be slightly misaligned …

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

The answer is: A. Yes, there are two defects on 
the PCB. Missing component: The black 
button … located in the upper right corner … 
because there is a white square mark … Missing
capacitor: …as indicated by the white square 
mark and two empty solder joints …

GPT4:
Based on the production process …, I do not 
observe any visible defects in the product. 

+ Manufacturing Process (MDIAD)

Myriad: The answer is: No … 

Qwen2-VL-72B:
There are no visible defects on the product. 

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

Myriad: The answer is: No … 

Manufacturing Process for PCB:
1. Raw PCB Manufacturing:

- Substrate Preparation: The PCB starts with a raw fiberglass substrate (FR4 or similar), coated with 
copper on both sides.

- Copper Etching: Using a subtractive process, unwanted copper is removed to create the copper 
traces that will connect components. This is done through chemical etching based on the design 
pattern.

- Drilling and Plating: Holes are drilled to accommodate through-hole components (if any), and 
these holes are plated with copper to create electrical connections between different layers (if it is a 
multilayer PCB).
2. Solder Mask Application:

- A solder mask, typically blue in this case, is applied to the board. This mask protects the copper 
traces and defines the areas where solder will be applied for mounting components.
3. Silkscreen Printing:
- The silkscreen layer is printed onto the PCB, marking component locations, labels, 

and orientations (e.g., `B+`, `B-`, `M+`, etc.).
4. Solder Paste Application:

- Solder paste is applied to the appropriate pads on the PCB where surface-mounted components 
will be placed, using a stencil aligned with the board.
5. Pick and Place:

- An automated pick-and-place machine picks the surface-mounted components (like the IC, 
resistors, capacitors, LEDs, and two black tactile button) and places them onto the solder-pasted pads 
based on the design.
6. Reflow Soldering:

- The entire PCB is passed through a reflow oven. Here, the solder paste melts and creates strong 
electrical and mechanical connections between the surface-mounted components and the board.
7. Through-Hole Component Insertion (if applicable):

- Components like the micro USB port may be through-hole and manually or automatically 
inserted into the pre-drilled holes in the PCB.
8. Wave Soldering (if applicable):

- If through-hole components are used, the board is passed through a wave soldering machine, 
where a wave of molten solder coats the exposed component leads to establish the electrical 
connections.
9. Component Soldering (Manual/Additional):

- Some specialized components that cannot be attached using automated processes, such as 
certain connectors, may be soldered manually after the reflow or wave soldering.

Industry Anomaly Detection (IAD)

Figure 4. Comparison with and without manufacturing processes on a PCB7 example from PCB-Bank [33]. The responses from state-of-
the-art LMMs are provided. Expert’s detection is indicated by a red bounding box, while the ground truth is shown in yellow. An additional
component identified by Triad is highlighted with blue bounding boxes. Best viewed in color.

The following is the manufacturing process of a defect-free pill:
1. Ingredient Preparation: 

- Active Ingredients: Cranberry extract is prepared, possibly as a powder or liquid concentrate.
- Binding Agents: Common binding agents like sucrose, dextrose, or sorbitol are measured out.
- Coloring and Additives: Red specks are made from small particles of dried cranberry or an artificial coloring 

agent.
2. Mixing: 

- The active ingredients, binding agents, and additives are thoroughly mixed in a large blender to create a blend. 
The mixture should have cranberry specks throughout the powder.
3. Granulation: 

- The mixture undergoes wet or dry granulation to form granules, which help in better compression during 
tablet formation. This step ensures that the mixture has the correct flow properties and compressibility.
4. Drying: 

- If wet granulation was used, the granules are dried to remove any moisture content, ensuring the mixture is 
ready for tablet compression.
5. Compression: 

- The dried granules are fed into a tablet press machine where they are compressed into the lozenge shape. The 
machine uses a die to form the oval shape, and embosses the letters “FF” on the surface of each lozenge.
6. Cooling: 

- After compression, the lozenges are allowed to cool to stabilize their structure and harden fully.

Based on the following image of a product and the production process, answer the question that follows:
Image:
<image>

Question: Can you confirm if the product has any defects?
A. Yes
B. No
Answer with the option‘s letter from the given choices directly.

The answer is: B. 
The unusual part on the pill is the presence of small, red specks scattered across its surface.
Given the production process, these red specks are likely intended to be a part of the pill‘s design, as they 
are described as “small particles of dried cranberry” or an “artificial coloring agent.” The consistent size and 
color of the specks suggest that they are intentionally added during the mixing stage …

Based on the image provided, the pill does exhibit signs of defects. Notably, there are red specks that are 
not uniformly distributed across the surface, and some specks appear to be on the surface rather than 
embedded within the pill material. This inconsistency in the distribution and embedding of the specks could 
be considered a defect in the context of a uniformly designed product.
Answer: A. Yes

Expert

(a)

The answer is A. 
The unusual part on the pill is the presence 
of yellow specks, which are not typically 
found in a lozenge with a cranberry flavor.
Given the production process, the yellow 
specks are likely an unintended addition 
during the mixing or granulation stage. 
This could be due to contamination or an 
error in the mixing process, where another 
ingredient was accidentally added to the 
blend.
The pill in the image is defective because it 
contains an unexpected color variation 
that may affect its appearance and quality.

The pill shown in the image appears to be 
free from major defects … The cranberry 
specks are distributed throughout the 
tablet, consistent with the description in 
the manufacturing process … Therefore, 
the appropriate answer would be: B. No

+ Manufacturing Processes

Expert

(b)

The answer is: A.
Based on the image you've described,
the unusual part of the pill is the 
presence of a large scratch on its surface. 
This scratch is located towards the top 
left corner of the pill and has a bar-like 
shape with a curved edge.
… Another unusual part is the presence 
of yellow spots on the surface of the pill, 
which are not present in a defect-free pill. 
These spots are likely to be foreign 
particles or contaminants that have 
adhered to the pill

Based on the image provided, the pill 
shows some signs … are reddish marks 
on the white surface that could be 
imperfections or contamination, and 
there is a yellow design … Answer: A. 
Yes

+ Manufacturing Processes

Expert

(c)

Figure 5. Qualitative evaluation of Triad-llava-ov-7B on MVTec-AD [2]. MuSc [18] is used as vision expert. The related manufacturing
process is shown in (a). Three representative examples from the “Pill” class are shown: (a) a normal pill exhibits red speckles on its surface
which are a natural outcome of the manufacturing process and could be easily misjudged as defects. (b) Pills with unintended additive
variations indicate a defect. (c) a case where Triad correctly predicts a defect despite errors in the expert outputs.

it fails to detect a scratch on the surface. Triad still identi-
fies the scratch independently and also notes a yellow dis-
coloration, demonstrating its capacity to rectify external re-
gion proposal mistakes by integrating visual analysis with
contextual defect reasoning.

Overall, these observations illustrate Triad’s ability to
integrate manufacturing knowledge with detailed visual
attributes, thereby achieving more accurate and context-
sensitive anomaly detection.

4.2. Ablations

Effect of InstructIAD. InstructIAD is placed as an
instruction-tuning dataset for IAD, which aims to align the
visual features and textual descriptions, leading to a per-
formance gain compared with the base model (LLaVA-1.6-

mistral-7B). Notably, as shown in Tab. 3, the performance
with manufacturing processes also increases, empirically
demonstrating the intrinsic relationship between attribute-
level recognition and manufacturing-aware defect analysis.

Effect of CoT-M. As evidenced by Tab. 3, comparative
analysis of row 2 vs. 3 and row 4 vs. 5 demonstrates the ef-
ficacy of CoT-M. Utilizing CoT-M-generated data enhances
manufacturing process detection accuracy by 2.1% and
3.6% respectively, while maintaining comparable/superior
performance in standard detection scenarios compared to
non-CoT-M approaches. This finding substantiates that
CoT-M empowers Triad to effectively leverage manufactur-
ing process information for improved anomaly detection.

Effect of EG-RoI. Comparative analysis in Tab. 3 (row
3 vs. 5) confirms EG-RoI’s consistent performance gains
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Table 3. Ablations on fine-tuning with different components: In-
structIAD, CoT-M, and EG-RoI tokenizer. The base model is
LLaVA-1.6-mistral-7B [22]

InstructIAD CoT-M EG-RoI 0-shot + MFG Proc.

% % % 76.9% 75.9% (1.0%↓)

" % % 78.8% 80.4% (1.6%↑)

" " % 79.8% 82.5% (2.7%↑)

" % " 85.4% 83.9% (1.5%↓)

" " " 85.0% 87.5% (2.5%↑)

Table 4. Ablation on the robustness of the manufacturing pro-
cess on MVTec-AD [2]. Three types of the manufacturing pro-
cesses of 15 products on MVTec-AD are collected from the In-
ternet (Web), generated by llama3 [9] (LLM), and generated by
GPT4 [1] (GPT).

Model Params 0-shot + MFG Proc. (Web) + MFG Proc. (LLM) + MFG Proc. (GPT)

Qwen2-VL [31] 2B 77.0% 51.7%(25.3%↓) 46.7%(30.3%↓) 46.8%(30.2%↓)

LLava-1.6 [22] 7B 76.9% 77.6% (0.7%↑) 75.9% (1.0%↓) 77.3% (0.4%↑)

LLaVA-OneVision-si [16] 7B 77.7% 69.4% (8.3%↓) 60.6%(17.1%↓) 67.2%(10.5%↓)

LLaVA-OneVision-ov [16] 7B 91.0% 88.8% (2.2%↓) 80.8%(10.2%↓) 87.1% (3.9%↓)

Qwen2-VL [31] 7B 84.4% 70.9%(13.5%↓) 61.1%(23.3%↓) 67.1%(17.3%↓)

Qwen2-VL [31] 72B 87.1% 85.2% (1.9%↓) 79.5% (7.6%↓) 82.6% (4.5%↓)

Myriad [19] 7B 79.3% 78.5% (0.8%↓) 81.5% (2.2%↑) 81.5% (2.2%↑)

Triad-llava-1.6 7B 85.0% 85.7% (0.7%↑) 87.5% (2.5%↑) 86.4% (1.4%↑)

Triad-ov 7B 91.2% 91.8% (0.6%↑) 92.6% (1.4%↑) 92.2% (1.0%↑)

across both manufacturing-aware and conventional detec-
tion scenarios. We further evaluate vision expert effective-
ness through size-based defect categorization on MVTec-
AD, adopting MS-COCO’s partitioning protocol [21]:
small (< 0.01 image area), medium (0.01 ∼ 0.1), and large
(> 0.1). As shown in Tab. 6, EG-RoI significantly out-
performs LLaVA-1.6’s AnyRes module on small/medium
defects. The baseline exhibits severe classification bias
with 100% defect detection rate but 16.1% false positives
on normal samples. Table 5 reveals two critical findings:
(1) Anomaly map quality directly impacts detection accu-
racy, validating our expert integration strategy; (2) Triad
achieves competitive performance even without annotated
regions (AnyRes mode), surpassing conventional methods.
Notably, EG-RoI maintains manufacturing-aware improve-
ments despite random box noise injection (Null mode).
Ablations on the different manufacturing process. For
systematic evaluation, we collect three distinct manufac-
turing process variants for MVTec AD [2] through multi-
source construction: (1) Internet: Domain-specific pro-
cesses collected from the internet for all 15 product cate-
gories; (2) LLM Generation: Automated process synthe-
sis using general-purpose LLMs (LLaMA-3 [9] and GPT-
4 [1]). As evidenced in Tab. 4, Triad demonstrates consis-
tent performance gains across all process variants (0.7%-
2.5% accuracy improved), empirically validating its dual
capability in manufacturing process comprehension and
generalization to unseen industrial workflows. Extended
process examples are provided in Sec. B.

Table 5. Comparison between different vision experts with the
proposed EG-RoI. The model is based on LLaVA-1.6-mistral-
7B [22]. The quality of anomaly maps by experts on zero-shot
IAD tasks is measured by Expert P-AUROC.

Vision Expert Expert P-AUROC base + MFG Proc.

Null - 83.3% 83.4% (0.1%↑)

AnyRes - 84.0% 85.1% (1.1%↑)

April-GAN [7] 87.6% 83.0% 85.0% (2.0%↑)

AnomalyClip [40] 91.1% 84.6% 86.1% (1.5%↑)

MuSc [18] 97.3% 85.0% 87.5% (2.5%↑)

Table 6. Ablation on how Expert-Guided RoI module affects the
performance. Defects are divided into small, medium, and large
according to their size. The model is based on LLaVA-1.6-mistral-
7B. All results are tested without context.

Module small defects medium defects large defects normal Accuracy

baseline (llava-1.6) [22] 100.0% 100.0% 100.0% 16.1% 76.9%
AnyRes (Finetune) [22] 90.9% 81.0% 65.7% 82.9% 79.8%

EG-RoI (Finetune) 95.5% 94.1% 81.8% 72.8% 85.0%

5. Conclusion

In this paper, we introduced Triad, a novel large multi-
modal model (LMM) tailored for industrial anomaly detec-
tion. By integrating an expert-guided region-of-interest to-
kenizer (EG-RoI) to highlight suspicious regions identified
by existing IAD methods, Triad improves its ability to pin-
point subtle defects in complex industrial scenarios. In ad-
dition, we proposed a manufacturing-driven IAD paradigm
that embeds causal knowledge of manufacturing processes
into the model’s reasoning for anomaly detection. Specifi-
cally, we contribute an instruction-tuning dataset, Instruc-
tIAD, and a Chain-of-Thought with manufacturing strat-
egy, CoT-M, enabling Triad to reason about defect forma-
tion in relation to manufacturing steps. Experimental re-
sults on standard IAD benchmarks demonstrate that Triad
achieves superior performance in 0-/1-shot settings com-
pared to both general-purpose and domain-specific LMMs.
Extensive evaluations reveal Triad’s novel ability to lever-
age manufacturing processes to achieve improved anomaly
detection. Qualitative results show Triad’s significant rea-
soning ability based on attribute recognition and manufac-
turing comprehension. These findings confirm the signif-
icance of combining expert-guided region-of-interest tok-
enizer with manufacturing-aware reasoning for robust and
interpretable anomaly detection.

We publicly release InstructIAD’s dataset and CoT-M
data organization to facilitate future research, bridging the
critical gap between general-purpose LMMs and domain-
specific industrial inspection needs. We believe this work
lays a starting point for modern quality control systems that
synergize human knowledge with multimodal AI reasoning.
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