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Abstract

Existing deep learning (DL) approaches for electrical defect detection typically re-
quire large quantities of labeled data. However, in real-world scenarios, defect samples
are significantly rarer than normal samples, making data collection both challenging and
resource-intensive. Meanwhile, the wide variability in anomaly types and the unpre-
dictable nature of defect locations further complicate the labeling process. In this paper,
we present DefectGPT, a novel approach for multi-class electrical defect detection with
limited samples by leveraging multimodal large language models (MLLMs). Specifi-
cally, DefectGPT generates defect descriptions to establish a rich semantic context for
subsequent reasoning and classification. To effectively utilize limited training samples
and enhance classification accuracy, we introduce a novel in-context learning technique,
termed hypothesis-first learning (HFL), which facilitates the DefectGPT to generate an
initial hypothesis before refining its knowledge. This approach enables DefectGPT to im-
prove defect classification progressively through self-reflection, enhancing its effective-
ness and generalization with limited electrical samples. We further conduct a theoretical
analysis to gain deeper insights into the underlying learning mechanism of DefectGPT.
Experimental evaluations on two distinct electrical datasets demonstrate the effectiveness
and generalizability of our approach, highlighting its potential to reduce data dependency
while maintaining high classification accuracy.
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1 Introduction
The semiconductor industry serves as a foundational pillar of modern technology, driving ad-
vancements across diverse domains including computing, telecommunications, healthcare,
and automotive systems. Economically, it represents a critical global sector, with annual
revenues exceeding $500 billion in 2024 globally, underscoring its central role in the digital
economy [1]. As semiconductor devices grow in complexity with emerging packaging meth-
ods including flip chip, stacked die, wafer-level packaging, and through-silicon vias, ensur-
ing their reliability becomes increasingly critical. Effective defect detection is fundamental
to maintaining high yield, consistent performance, and long-term operational stability. The
rise of buried and non-visual defects within multilayer structures presents significant chal-
lenges, requiring advanced and nondestructive detection techniques for accurate classifica-
tion. These advancements are crucial for efficient failure analysis and minimizing production
disruptions, emphasizing the need for ongoing innovation in defect detection methodologies
to keep pace with industry advancements.

In recent years, deep learning (DL) has proven highly effective in domains like computer
vision, natural language processing, and recommender systems, demonstrating its ability to
capture underlying patterns and representations from data [9, 12, 21, 26]. However, as il-
lustrated in Figure 1, a key limitation of DL in electrical defect detection is its reliance on
large, well-labeled datasets. Labeling microscopic or non-visible defects requires expertise
and advanced imaging, making the process time-consuming and costly. The imbalance be-
tween defective and non-defective samples further impacts model performance. While data
augmentation and synthetic labeling offer partial solutions, they do not fully address the chal-
lenges of large-scale manual annotation or generalization to new manufacturing conditions.
Inspired by recent advances in multimodal language models (MLLMs) such as CLIP [29],
which demonstrate impressive capabilities in visual understanding and language reasoning,
there is growing potential to leverage MLLMs for more data-efficient defect detection in the
semiconductor manufacturing process. Specifically, MLLMs offer a promising approach to
analyzing images while incorporating contextual information, thus reducing dependence on
large labeled datasets. By integrating visual features with descriptive annotations, MLLMs
could enhance defect classification and localization even with limited labeled data, address-
ing key limitations of DL in electrical defect detection. Additionally, MLLMs can adapt to
new defect types or variations with limited additional data, significantly reducing the time
and costs associated with manual labeling [7, 11, 18, 32]. Such generalization capability po-
sitions MLLMs as a valuable solution for improving failure analysis in increasingly complex
semiconductor technologies.

In this work, we present an early exploration into multi-class defect classification using
an MLLM named GPT-4o [14], applied to electrical defect images. We propose a novel ap-
proach called DefectGPT, which aligns the GPT-4o model with electrical images and textual
defect descriptions, even in scenarios with extremely limited labeled data, demonstrating its
potential for data-efficient defect detection. Specifically, we first prompt GPT-4o to generate
detailed defect descriptions for various defect types. We then employ in-context learning
to align GPT-4o with the specific characteristics of defects, enabling GPT-4o to iteratively
update its knowledge base. Specifically, we propose hypothesis-first learning (HFL), which
explicitly structures the classification process into a two-stage reasoning workflow: (1) ini-
tial hypothesis generation and (2) contextual self-reflection. This structure encourages the
model to articulate and justify its prediction before refining its decision based on feedback.
By consolidating human-like reasoning and self-reflection, HFL enables the DefectGPT to
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Figure 1: Different paradigms for anomaly detection. (a) Deep learning models (e.g., DRA
[9] and DevNet [26]) typically require large training datasets for binary anomaly detection.
(b) CLIP solutions reduce this need: AnomalyCLIP [33] requires fewer training samples,
while WinCLIP [16] enables training-free anomaly detection. (c) DefectGPT uses in-context
learning for multi-class detection and defect analysis with minimal samples.

better capture the defect characteristics and lead to more accurate classification performance,
particularly in few-shot settings where data samples are very limited. To demonstrate the
generalization capability of DefectGPT, we evaluated it on two distinct datasets: Magnetic
Field Imaging (MFI) and WaferMap. Our evaluation across both datasets highlights Defect-
GPT’s effectiveness and generalization, achieving 18.18% and 37.58% improvement against
comparing methods in classification accuracy on MFI and WaferMap datasets, respectively.
The contributions of this paper are summarized as follows:

• We provide an early attempt to explore multi-class defect classification with limited
electrical samples using MLLMs. To this end, we propose DefectGPT, which first
generates defect descriptions and then leverages HFL to iteratively refine its under-
standing of visual defect characteristics.

• To the best of our knowledge, we are the first to perform defect detection on MFI using
machine learning methods, which is much faster than traditional X-Ray scanning.

• We provide a theoretical analysis to understand the behavior of DefectGPT and con-
duct extensive experiments on two distinct datasets to demonstrate its effectiveness.

2 Related Work

2.1 MLLM for Industrial Anomaly Detection
Recent work has highlighted the need for generalization in industrial anomaly detection,
leading to zero-shot and few-shot models based on vision-language frameworks like CLIP
[29]. For example, WinCLIP [16] is proposed to address binary zero-shot and few-shot
anomaly classification and segmentation by extracting and aggregating multi-scale image
features. Subsequently, CLIP has been further investigated for detecting building defect
images [31]. In addition, AnomalyGPT [11] and AnomalyCLIP [33] propose to fine-tune
model parameters for zero-shot anomaly detection and few-shot anomaly detection, respec-
tively. Recent advancements in MLLMs (e.g., GPT4V [3] and Phi3.5 [2]) have enabled the
handling of various tasks through the Visual Question Answering (VQA) paradigm without
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finetuning. As pioneering efforts, comprehensive experiments are conducted using GPT-
4V(ision), evaluating its anomaly detection capabilities under zero-shot and one-shot set-
tings. The evaluations frequently rely on a reference normal image and are performed across
a diverse range of datasets and tasks [7, 32]. While most anomaly detection methods operate
within a binary classification framework (i.e., determining whether an image is normal or
defective), a recent benchmark, MMAD [19], reformulates the industrial anomaly detection
task as a multiple-choice VQA problem to evaluate the performance of various MLLMs.
Although this approach demonstrates the effectiveness of models such as GPT-4o in defect
detection, it is inherently limited to four-class classification, thereby constraining its appli-
cability to more fine-grained or complex scenarios. Despite these promising results, how to
further improve the multi-class defect detection performance of MLLMs remains an open
and challenging research problem.

2.2 Multi-Modal In-Context Learning

In-context learning (ICL), initially introduced in large language models (LLMs) like GPT-3
[6], enables models to perform new tasks from a few examples without parameter updates,
and has recently been extended to MLLMs [10]. Foundational models such as CLIP [29]
and ALIGN [17] built robust multimodal representations but were not inherently designed
for ICL. More recent approaches like Flamingo [4] and BLIP-2 [20] integrate vision en-
coders with language models to support flexible, few-shot reasoning across tasks such as
visual question answering and image captioning. While ICL shows promise for flexible
task adaptation, it remains unclear how in-context learning can effectively enhance electrical
defect detection where visual nuances are subtle, task-specific supervision is limited, and
robustness to unseen variations is critical. In this work, we bridge this gap by investigat-
ing the effectiveness of in-context learning for multi-class electrical defect detection within
a VQA framework. Specifically, we introduce a novel multimodal in-context learning ap-
proach named HFL, specifically developed to address the challenges of multi-class defect
classification with limited samples.

3 Methodology

3.1 Overall Framework

As shown in Figure 2, the proposed DefectGPT consists of two main stages: (1) generating
defect descriptions for each defect class and (2) perform HFL based on the generated defect
description and limited training samples.

3.2 Defect Description Generation

Traditional DL approaches for defect detection typically require extensive labeled datasets
to learn latent representations of normal and abnormal samples [7, 16, 32, 33]. However,
collecting such datasets is often costly and time-consuming, particularly within the context
of semiconductor manufacturing. Inspired by CuPL [28], which employs LLMs to generate
class-specific prompts for image categories and demonstrates improved zero-shot classifica-
tion performance, we propose a defect description generation strategy tailored to the domain
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Prediction: Power Short
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Defect Analysis: 
The bright, concentrated region with 
sharp gradients suggests high current 
flow, characteristic of a power short...

A magnetic field image of an IC chip with a power short defect typically shows a broad, intense area of overlapping red and blue 
lines, indicating a significant disruption in the magnetic field. The magnetic field lines may appear densely packed and chaotic around 
the defect area, creating a pronounced hotspot that stands out against the more uniform field patterns of the rest of the chip.

A magnetic field image of an IC chip with a signal short defect typically shows a concentrated area of intense red and blue lines, 
indicating a significant disturbance in the magnetic field. The lines may converge or overlap in an abnormal manner, creating a hotspot 
of magnetic activity. This concentrated pattern contrasts with the more evenly distributed field lines in the surrounding areas.
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The defect type appears to be a power 
short. The reasoning is as follows: 
This image displays intense, irregular 
magnetic flux concentrated around 
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Figure 2: An overview of the DefectGPT. Note that n indicates the number of examples
during the HFL process.

of electrical defect detection. As shown in Figure 2(a) and Figure 3, we use GPT-4o to gen-
erate defect descriptions for the MFI and WaferMaps datasets, respectively. The generated
defect descriptions provide rich semantic context that enhances DefectGPT’s ability to distin-
guish between closely related defect classes, reducing the reliance on extensive task-specific
supervision. These prompts are tailored to specific categories and incorporate detailed visual
features, embedding class-specific attributes that improve the model’s discriminatory capac-
ity. In the following subsection, we present how HFL further leverages the generated defect
description for more accurate defect detection.

3.3 Hypothesis-First Learning
Electrical defect detection presents several critical challenges that limit the effectiveness of
few-shot learning approaches [11, 16, 18, 33]. For example, defects in MFIs often exhibit
subtle visual variations that are difficult to capture with simple class labels or fixed prompts.
Moreover, many defect types, including signal shorts and power shorts, exhibit overlapping
visual characteristics, which makes them difficult to distinguish without domain-specific
reasoning. Standard few-shot classification methods, which rely on direct comparisons with
limited demonstrations, often lack the nuanced reasoning capabilities necessary to differen-
tiate fine-grained categories [11, 16].

In this work, we propose HFL, a novel ICL technique to enhance few-shot defect classi-
fication using MLLMs. Unlike existing approaches that produce direct classification outputs
[7, 18, 32], HFL guides the model to first generate an explicit hypothesis about the defect
type, supported by natural language reasoning grounded in both visual evidence and tex-
tual descriptions. As shown in Figure 2(b), given a query image, defect descriptions, and
a task prompt, DefectGPT initially synthesizes a hypothesis by interpreting the visual in-
put in the context of class-specific descriptions. This hypothesis includes both a predicted
class label and an accompanying rationale. Subsequently, the hypothesis undergoes con-
textual validation through a feedback loop: the label of the query image is introduced into
the self-reflection prompt. The model then compares its initial hypothesis with these exam-
ples, triggering a self-reflection process. In this process, DefectGPT articulates what it has
reinforced or learned from the comparison, enabling the model to update its understanding
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Normal Center Donut Edge-Loc Edge-Ring Loc Near-Full Random Scratch

Normal: No significant defects, wafer is mostly functional.
Center: A defect concentrated in the center of the wafer, with the outer region functional.
Donut: A defect in the shape of a ring around a functional center.
Edge-Loc: Defects concentrated at the wafer’s edge, but not forming a continuous ring.
Edge-Ring: Defects forming a continuous ring along the edge of the wafer.
Loc: A localized cluster of defects in one specific area of the wafer.
Near-Full: A wafer with most of the surface defective, leaving few functional areas.
Random: Scattered, isolated defects throughout the wafer with no specific pattern.
Scratch: A linear, streak-like defect running across multiple regions of the wafer.

LLM prompt for normal wafer maps: 
What does a Normal wafer map looks like?

LLM prompt for defect wafer maps: 
What does a wafer map with {Center/ 
Donut/Edge-Loc/Edge-Ring/Loc/Near-
Full/Random/Scratch} defect looks like?

LLM Prompt Defect Description

Figure 3: The process of defect description generation on WaferMap dataset.

of key discriminative visual characteristics. This reflective mechanism allows the model to
progressively refine both its knowledge of defect features and its reasoning strategy, even
in the absence of gradient-based updates. Through a two-stage reasoning process, which
involves initial hypothesis generation followed by reflective refinement, HFL enhances the
model’s ability to distinguish subtle and context-dependent defect types. We investigate how
the refined knowledge of defect characteristics benefits MLLM performance in Section 4.5
and Section 4.7.

3.4 Hypothesis-First Learning as Implicit Parameter Adaptation
We begin with the result of Irie et al., who showed that one gradient-descent step on a linear
layer yields a linear-attention kernel [8, 15]:

F(x) =
(
W0 +∆W

)
x =W0x+∑

i
(ei⊗x′i)x =W0x+∑

i
ei
(
x′⊤i x

)
=W0x+L_Attn(E,X ′,x)

(1)
where L_Attn(V,K,q) represents the linear-attention operation, treating past output-error
signals E as the values, earlier inputs X ′ as the keys, and the current input x as the query.
In the context of this work, we let the current token representation be x∈Rd and its query
vector q =WQx∈Rd′ . For a single attention head, the output is formulated as:

FHFL(q) = Attn(V,K,q) =WV [D;X ′;R] Softmax
(
(WK [D;X ′;R])⊤q√

d

)
(2)

where D are class-description tokens, X ′ are demonstration tokens, R are self-reflection to-
kens, and WQ,WK ,WV ∈Rd′×d are the projection matrices.

Assumption 1 (Linear-attention surrogate). Throughout the analysis, we approximate dot-
product attention by linear attention for simplicity, dropping the Softmax and scale factor:

F̃HFL(q) =WV [D;X ′;R]
(
WK [D;X ′;R]

)⊤q (3)

Define the few-shot kernel WFSL = WV X ′ (WKX ′)⊤, so that WFSLq is the linear-attention
output in pure few-shot setting.

Proposition 1 (Equivalence to parameter update). Under Assumption 1, F̃HFL(q) equals a
single linear map applied to q:

F̃HFL(q) =
(
WFSL +∆WHFL

)
q (4)
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Table 1: Performance comparison on two electrical datasets. The best results are highlighted
in bold, with the second-best results underlined. Relative improvements of DefectGPT over
the second-best methods are also reported for reference.

Methods MFI WaferMap
Top-1 Acc. AUPR Macro-F1 Micro-F1 Top-1 Acc. AUPR Macro-F1 Micro-F1

CLIP 50.00 54.43 33.33 50.00 30.33 73.05 19.19 30.33
CuPL 60.00 60.93 52.38 60.00 30.22 71.35 18.75 30.22

LLaVA 52.50 53.37 42.03 52.50 12.90 50.25 8.16 12.90

Phi-3.5 (ZSL) 45.00 48.50 37.32 45.00 11.11 51.86 2.22 11.11
Phi-3.5 (FSL) 60.00 52.19 52.38 60.00 11.11 50.00 2.22 11.11

GPT-4o (ZSL) 61.67 52.00 61.67 59.11 20.70 50.84 12.14 20.70
GPT-4o (FSL) 82.50 88.87 82.21 82.50 48.78 66.75 48.33 48.78

DefectGPT 97.50 95.67 97.49 97.50 67.11 92.16 62.52 67.11
Improvement 18.18% 7.65% 18.59% 18.18% 37.58% 38.07% 29.36% 37.58%

where the update matrix is:

∆WHFL = ∑
i
(WV di)⊗(WKdi)+∑

i
(WV ri)⊗(WKri) (5)

with {di} the description tokens and {ri} the self-reflection tokens.

Proof. From Assumption 1, we derive from Eq. (3) and obtain:

F̃HFL(q) = ∑
Z∈{D,X ′,R}

WV Z (WKZ)⊤q

Note that the term with Z = X ′ is exactly WFSLq. For Z ∈ {D,R}, we have:

WV Z (WKZ)⊤q = ∑
i
(WV zi)

(
(WKzi)

⊤q
)
=
(
∑

i
(WV zi)⊗(WKzi)

)
q

Combining all components gives the stated result:

F̃HFL(q) =
(

WFSL +∑
i
(WV di)⊗(WKdi)+∑

i
(WV ri)⊗(WKri)

)
q

Interpretation. Proposition 1 shows that, under the linear-attention surrogate, attending
to the defect descriptions tokens D and self-reflections tokens R is algebraically equivalent
to updating the few-shot weight matrix WFSL by the additive term ∆WHFL. In other words,
HFL performs an implicit, on-the-fly parameter adaptation before the query is processed,
mirroring gradient steps but executed entirely within the attention mechanism.

4 Experimental Results

4.1 Electrical Dataset
To demonstrate the effectiveness and generalization ability of the proposed DefectGPT in
learning defect patterns across various defect detection scenarios, we conducted experiments
and analysis using two electrical datasets: (1) Magnetic Field Image (MFI): The MFI sam-
ples are synthesized using a physics-informed diffusion model, PI-GenMFI [5], which is
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specifically designed for MFI and trained on limited experimental semiconductor data. Un-
like conventional 3D imaging methods such as 3D X-ray scanners [25], this approach pro-
vides a non-destructive means of visualizing electrical defects in three dimensions, while
substantially reducing scan time. For more details, please refer to [5]; (2) MixedWM38
Dataset (WaferMap): a multi-class dataset comprising defect patterns collected from real-
world semiconductor fabrication processes [30]. Since this work focuses on single-class
classification, we test our DefectGPT and baseline methods on one normal pattern and eight
single-defect patterns (i.e., center, donut, loc, edgeloc, edgering, near-full, scratch, and ran-
dom), representing various manufacturing anomalies. For the training dataset, we randomly
select 5 samples per class, yielding a total of 45 images. To maintain computational ef-
ficiency, the test set is constructed by randomly selecting another 100 samples from each
class, resulting in 900 test images in total.

4.2 Evaluation Protocols
Training Details: To ensure consistency in token length across classes and to facilitate
evaluation of the proposed HFL, we construct subsets under 1-shot, 2-shot, 3-shot, and 5-
shot settings and report the best results. In each K-shot configuration, the context comprises
K examples per label, thereby guaranteeing representation of all unique classes.
Evaluation Metrics: We use 4 metrics to provide a comprehensive understanding of the
model’s performance. (1) Top-1 accuracy reports the proportion of samples for which the
model’s highest-confidence prediction is correct [13]. (2) Area under the precision–recall
curve (AUPR) quantifies the precision–recall trade-off across decision thresholds, a stan-
dard measure in anomaly detection [16, 34]. (3) Macro-F1 averages the F1 scores computed
independently for each class, giving equal weight to all classes, while (4) Micro-F1 aggre-
gates true positives, false positives, and false negatives over all classes before calculating the
F1 score [23, 24]. The formal equations are given in Supplementary Material A.

4.3 Baseline Methods
We benchmark our method against five advanced MLLMs. (1) CLIP [29]: A popular MLLM
that learns visual concepts from natural language supervision. (2) CuPL [27]: It enhances
the CLIP model with customized prompts for each image category. (3) LLaVA [22]: It
enables strong zero-shot capabilities in visual reasoning tasks (4) Phi-3.5 [2]: a state-of-the-
art MLLM by Microsoft, designed for high-quality vision-language reasoning. (5) GPT-4o
[14]: is OpenAI’s advanced multimodal model, demonstrating the best performance in defect
detection tasks in a recent benchmarking paper [18]. Note that Phi-3.5 and GPT-4o support
both zero-shot learning (ZSL) and few-shot learning (FSL) settings, while other baselines
only support the ZSL setting due to the limit of the context window. The prompt formats are
presented in Supplementary Material B.

4.4 Performance Comparison
Table 1 presents a comprehensive evaluation of DefectGPT against representative baselines
on the MFI and WaferMap datasets. Across all metrics and datasets, DefectGPT consistently
achieves the best performance, demonstrating its effectiveness for multi-class electrical de-
fect detection. In particular, DefectGPT attains 97.50% Top-1 accuracy on the MFI dataset
and 67.11% on the WaferMap dataset, yielding relative improvements of 18.18% and 37.58%
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Table 2: The effect of the number of demonstrations per class on DefectGPT.

#Demonstrations MFI WaferMap
Top-1 Acc. AUPR Macro-F1 Micro-F1 Top-1 Acc. AUPR Macro-F1 Micro-F1

1-shot 83.33 82.89 83.33 79.45 35.44 74.92 31.65 32.65
2-shot 97.50 95.67 97.49 97.50 67.11 92.16 62.52 67.11
3-shot 83.33 98.96 82.80 83.33 56.33 74.22 57.42 56.33
4-shot 85.00 99.00 84.65 85.00 57.27 77.76 55.29 58.23
5-shot 92.50 96.52 92.49 92.50 59.11 87.61 49.64 59.11

over the strongest baseline GPT-4o (FSL). The consistent performance gap among GPT-4o
(ZSL), GPT-4o (FSL), and DefectGPT indicates that while examples provide useful guidance
for ICL, they are insufficient on their own. The integration of the defect descriptions with the
proposed HFL proves essential for capturing nuanced defect patterns and significantly en-
hances the accuracy of electrical defect detection. In addition, CLIP, CuPL, LLaVA, and Phi
3.5 perform adequately on the MFI dataset but show substantial performance degradation on
the more complex multi-class WaferMap dataset, showing their limited ability to effectively
capture subtle variations across multiple defect types.

4.5 Ablation Study
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Figure 4: Ablation study.

We conduct an ablation study to evaluate the contribution
of key components in DefectGPT, particularly focusing on
the impact of defect description quality and the HFL mech-
anism. As shown in Figure 4, we begin with baseline GPT-
4o models under ZSL and FSL settings. When directly aug-
mented with the initial generated defect descriptions (D),
the resulting GPT-4o (ZSL+D) and GPT-4o (FSL+D) vari-
ants exhibit degraded performance compared to their non-
augmented counterparts, suggesting that raw descriptive
prompts may introduce noise or ambiguity. Importantly,
GPT-4o (FSL+D) is equivalent to removing the HFL technique from DefectGPT, as HFL is
able to refine the initial defect descriptions into more accurate and discriminative forms (D’)
through self-reflection. When we introduce these refined descriptions via GPT-4o (FSL+D’),
performance improves significantly. The model achieves 78.00% Top-1 Accuracy and 89.94
AUPR, results that are comparable to those of the full DefectGPT. This demonstrates the
effectiveness of HFL in enhancing the utility of defect descriptions, providing rich textual
supervision for achieving more accurate performance in multi-class defect detection.

4.6 Impact of Supervision Scale

Table 2 presents the impact of varying the number of demonstrations on DefectGPT’s perfor-
mance across the MFI and WaferMap datasets. Performance improves markedly from 1-shot
to 2-shot supervision, with 2-shot achieving the highest Macro-F1 and Micro-F1 scores on
both MFI (97.49 and 97.50) and WaferMap (62.52 and 67.11). Although increasing to 3–5
shots yields improvements in some metrics (e.g., MFI AUPR peaks at 99.00 with 4-shot),
the gains are inconsistent and occasionally decline. These findings suggest that a small num-
ber of well-selected demonstrations is sufficient for optimal performance, while additional
supervision offers limited benefit.
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Prediction: Power short
Confidence Score: 0.78
Defect Analysis: A bright, sharply 
localized anomaly with high-gradient 
intensity signals a power short; its 
concentrated shape matches expected 
field distortions, and the low signal-
short confidence (0.22) confirms the 
absence of broader, weaker patterns.

Prediction: Signal short
Confidence Score: 0.73
Defect Analysis: The image’s diffuse, 
low-intensity distortions and smooth, 
spread-out gradients match signal-
short patterns, yielding 0.73 
confidence versus 0.27 for power 
short—though some overlapping 
features introduce slight ambiguity.

Prediction: Power short 
Feedback: No. It is a signal short. Tell me 
what you have learned.
Self-Reflection: The model misclassified 
this ample by over-emphasizing localized, 
high-intensity patterns and missing the 
diffuse, low-intensity distortions. 
Training on ambiguous signal-short cases 
will improve accuracy.

Prediction: Power short
Feedback: Yes. It’s a power short. Tell me 
what you have learned.
Self-Reflection: The model reliably flags 
power shorts by spotting bright, localized 
distortions—showing strength on clear-
cut cases—but would benefit from more 
training on diffuse or ambiguous 
examples to handle edge scenarios.

Hypothesis-First Learning Stage Inference Stage

Figure 5: Illustrative outputs of DefectGPT for MFI samples.

4.7 Model Reasoning Across Learning and Inference Stages

Figure 5 illustrates DefectGPT’s reasoning process across the HFL and inference stages us-
ing MFI samples. During the learning stage, the model engages in self-reflection based
on external feedback, analyzing misclassifications, recognizing over-reliance on localized
features, and suggesting targeted refinements. In the inference stage, DefectGPT performs
defect analysis by distinguishing between power and signal shorts using spatial patterns and
intensity gradients, accompanied by confidence scores for each prediction.

5 Conclusion and Future Work
In this paper, we propose DefectGPT, a novel MLLM method for multi-class defect detection
with limited electrical imaging data. Leveraging generated defect descriptions in conjunction
with the HFL technique, DefectGPT is capable of iteratively refining its understanding of
defect characteristics, enabling more accurate multi-class electrical defect detection. We
provide a theoretical analysis of the DefectGPT and empirically validate its effectiveness on
two electrical datasets. While this study focuses on single-label classification, future work
will explore the extension of DefectGPT to multi-label anomaly detection scenarios.
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