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An intelligent analysis method for 2D CAD shapes based on CSG

FENG Zhuohang, SHEN Liyong
(School of Mathematical Sciences, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract  Constructive solid geometry (CSG) is a geometric modeling technique that defines
complex shapes through Boolean operations between basic geometric primitives. However, reverse
modeling to recover the CSG construction sequence from existing geometric shapes has been a
challenging research problem. In this paper, we propose a Transformer-based deep network
architecture that can parse input geometric shapes and output their corresponding CSG modeling
sequences. Using the CSGNet algorithm as a baseline, we first expanded the synthetic dataset used
for training, enabling the model to learn and parse a broader range of shapes. Additionally, we
adopted an autoregressive learning architecture with a VGG encoder and a Transformer decoder,
leveraging the attention mechanism to better correlate the generated sequences. This approach
translates 2D shape inputs into CSG sequence outputs in a fixed format, resulting in improved

reconstruction quality. We also introduced a validity correction module to ensure that the model
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does not output invalid reconstruction sequences. Experimental results show that the proposed

model achieves better quality on both synthetic and real CAD datasets.
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Table 2 Comparison of test results on synthetic data with different sequence lengths
T<5 5<T<9 9<T<13
L.l 10U 1 Cb L.l 10Ut Ch L.l 10Ut Cb |
CSGNet 22.865 0.289 7.385 33.082 0.266 7.238 45.356 0.308 5.320
S b7 2.706 0.631 1.967 3.152 0.603 2.103 3.270 0.580 2218




l

#
&
=t
1

L, B 57 BB < 35T CSG 1 =4k CAD TR BT 7 v 611

PLAD I I
[ =

RIRIRIEIRIN

EIEIEIEIEINY
o e e
EIEIEIEIEIE]
[NCNCECNCRLN

B 5 CADHIBEEN XL RITLE

Fig. 5 Comparison of test results on CAD dataset

&3 CAD XS L RTUHEREEL R3TLL
Table 3 Comparison of numerical results for different

metrics on CAD dataset
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