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Abstract—As the technology node scales down to 5nm/3nm,
the consequent difficulty has been widely lamented. The defects
on the surface of wafers are much more prone to emerge
during manufacturing than ever. What’s worse, various single-
type defect patterns may be coupled on a wafer and thus
shape a mixed-type pattern. To improve yield during the design
cycle, mixed-type wafer defect pattern recognition is required
to perform to identify the failure mechanisms. Based on these
issues, we revisit failure dies on wafer maps by treating them
as point sets in two-dimensional space and propose a two-
stage classification framework, PoLM. The challenge of noise
reduction is considerably improved by first using an adaptive
alpha-shapes algorithm to extract intricate geometric features
of mixed-type patterns. Unlike sophisticated frameworks based
on CNNs or Transformers, PoLM only completes classification
within a point cloud cluster for aggregating and dispatching
features. Furthermore, recognizing the remarkable success of
large pre-trained foundation models (e.g., OpenAI’s GPT-n series)
in various visual tasks, this paper also introduces a training
paradigm leveraging these pre-trained models and fine-tuning to
improve the final recognition. Experiments demonstrate that our
proposed framework significantly surpasses the state-of-the-art
methodologies in classifying mixed-type wafer defect patterns.

I. INTRODUCTION

In modern semiconductor manufacturing, dies on the wafer
are scanned and tested by the inspection probe to see if
their fundamental functionality is error-free. Each die is then
assigned a binary value indicating whether it passes or fails
the test. The values on a wafer will be presented as binary
pixels in 2 dimensions, known as wafer bin map (WBM).
In most cases, failure dies on a wafer map are prone to
converge into a particular distribution pattern type. These
defect patterns, such as randomly distributed, linear, curved,
and circular patterns, are associated with certain manufacturing
processes. Recognizing these patterns at an early fabrication
stage makes it possible to locate and reason issues, thereby
helping to improve chip yield.

There exist a vast number of prior works to recognize
single-type wafer defect patterns. In some works, WBMs are
usually considered as single-channel images to the visual
classification models and their spatial properties are used to
identify the wafer defects [1]. Recently, deep learning-based
methods [2] are widely embraced for defect classification for
their outstanding image interpretability and noise robustness.

However, with the increased number of integrated circuits
per unit area, various single-type defect patterns are prone to be
coupled on a wafer and thus shape a mixed-type pattern [3].
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Fig. 1 The proposed mixed-type wafer defect pattern recog-
nition framework. The geometrical feature learner transforms
WBM into polygon-based features, and then residual blocks
and cluster blocks are well designed into subsequent deep
learning framework for feature aggregation and dispatching.
With each failure die assigned to a separate cluster at the die-
level, parameters from a large pre-trained model are partially
incorporated into PoLM for fine-tuning.

Different from single patterns on WBMs, mixed-type defect
patterns are more difficult to recognize. Despite the importance
of recognizing mixed-type wafer defect patterns, few works
[4], [5] exploiting CNN and transformer architectures have
been proposed to address the dilemma.

It could be viewed that several issues exist in previous
works. Firstly, existing feature extraction methods are sensitive
to noise, according to results from [1]. Secondly, convolu-
tional neural networks (CNNs) disregard the impression of
the WBM’s overall perspective, leading to poor recognition
performance on mixed-type defect patterns globally. Besides,
although vision transformers (ViTs) [6] are introduced in [5],
each input/patch is required to generate through a CNN-based
block, resulting much higher cost for training. Finally, high-
performing classifiers for defect pattern recognition [2] may
sometimes live in the shadow of state-of-the-art works in image
vision, sparking our pursuit of a simple yet powerful model.

In this paper, to overcome the aforementioned issues and
to address the mixed-type wafer defect pattern recognition
better, we propose a novel framework PoLM based on the
new generation of artificial intelligence (AI) technologies. Our
contributions are summarized as follows:

• The challenge of noise reduction for mixed-type patterns
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is considerably improved by first using an adaptive alpha-
shapes learner to extract intricate geometric features.

• The binary pixels in WBMs are treated as point sets in
2-dimension space which are then handled by proposed
cluster-based model in the point cloud.

• We leverage a large pre-trained model as the prototype of
our defect recognition model, with dedicated fine-tuning
to improve the final recognition quality.

The rest of the paper is organized as follows. Section II
introduces some prior knowledge of mixed-type wafer failure
pattern recognition and then provides a problem formulation.
Section III-A sketches our geometrical feature learner via
alpha-shapes algorithm. Section III-B describes the deep learn-
ing based flow with cluster blocks and resblocks in proposed
classification framework. Section III-C depicts our training
paradigm inspired by large pre-trained foundation models,
while Section IV presents the experimental results followed
by conclusion in Section V.

II. PRELIMINARIES

In this work, we take into account MixedWM38 industrial
wafer bin map (WBM) dataset [4] in Fig. 2, covering 38 single
and mixed-type defect patterns. 9 single-type patterns are la-
beled in one-hot encoding and mixed-type patterns are coupled
by 6 of them (with the exception of Normal, Random, and
NearFull). There are 13, 12, and 4, respectively, of the
2/3/4-mixed-type pattern. Some WBMs in MixedWM38 were
generated using GANs to address the issue of unbalanced
sampling of various failure patterns acquired in practice.

The majority of arts treat WBMs as single-channel images
with three possible pixel levels for each die: 0, 127, and
255, which represent different physical meanings, including
not being a part of the wafer, die locations with a pass label,
and die locations with a failure label. The gathering of failure
dies at multiple sites to pair certain patterns is the essence of
defect patterns. Within each defect pattern, the pixel points
do not exhibit any color differences apart from variations in
position and quantity. Therefore, we may re-encode WBMs
using the structure of point cloud, where pixels with level 0
and 127 are considered as the background while pixels with
level 255 are failure dies shown in Definition 1.

A thorough strategy for the classification of mixed-type
patterns (i.e. Problem 1) uses recall, accuracy, and F1 score as
assessment measures. These metrics convey substantial insight
about how well the model performs in terms of recognizing
various defect patterns in WBMs.

Definition 1 (WBM as a set of points). Given a
WBM M ∈ R1×w×h, the locations of each pixel mij

can be normalized and encoded as Position (mij) =[
i
w − 0.5, j

h − 0.5
]T

, s.t. i
w , j

h ∈ [0, 1]. Taking into count
pixel levels, image-based WBMs can be converted into a series
of 3-channel points M = W∪W′ ∈ R3×n within 1 color and
2 locations elements, where W are failure dies within level
255 while W′ are background.

Loc EdgeRing Random NearFull

L+C EL+S ER+D L+S

EL+L+C ER+D+S EL+L+C+S ER+D+L+S

Fig. 2 Single and mixed-type of wafer pattens in the bench-
mark. The first row shows 4 single-type patterns: Loc,
EdgeRing, Random, and NearFull, where Random and
NearFull are specific patterns that will never be coupled.
The second row shows mixed-type patterns formed by the
overlap of 2 single-type patterns: L+C, EL+S, ER+D, and L+S,
where L, C, D, S, ER, EL are the pattern that may be coupled.
The first two in the third row are in 3 single-type patterns,
while the last two are coupled with 4 single-type patterns.

Problem 1 (Mixed-type Wafer Defect Pattern Classification).
Given a set of WBMs M = {M1,M2, · · · ,Mn1

} and a
labeling space Y = {y1, y2, · · · , yn2

}, our work is to build
a deep learning model H : M → Y from training set
{D = (Mi, Yi), i ∈ [0, n1−1]}, where Mi ∈M is a WBM and
Yi ⊂ Y is a subset of labeling sapce. For a unlabeled WBM
M ∈ M, multi-label classifier H(∗) predicts H(M → Y) as
recognition results.

III. THE DEVELOPED DETECTION FLOW

Classification of mixed-type failure patterns is crucial to
boosting industry yield. Since various failure pattern types are
essentially diverse geometric shapes aggregated by failure dies
on the wafer map, we explain the geometric characteristics
of mixed-type failure patterns from a point cloud perspective
and identify them through a clustering framework. PoLM
can also recognize mixed-type patterns that have not been
included in the training set as the geometric characteristics
solely depend on single-type patterns and are not sensitive to
which combination of them. We also introduce a pre-trained
paradigm to fine-tune our cluster-based flow as it has been
achieving great success in vision tasks.

A. The geometrical feature learner

Failure dies mostly come in two varieties on the wafer
map. One is a part of a single-type pattern, whereas the
other is a distinct fault site. The alpha-shapes algorithm [7] is
implemented to acquire the former’s geometric attributes and
lessen the latter’s noise impact on defect pattern detection.

We first constitute a few concepts before delivering our
proposed geometrical feature learner in Fig. 1. For failure dies
W = {W1,W2, ...,Wn} on a wafer map, the convex hull of


