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Motivation

The parametric nature of CAD models allows engineers
and designers to iterate over the parameters of existing
CAD models to edit and adapt them to new contexts.

BUT

This is only possible if the final shape of the CAD model
comes with its design history.
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Problem Formulation

CAD construction
history

CAD operation steps
are unordered and
the number of CAD
steps in a B-Rep is
not known in
advance.

CAD operation
step

CAD operation
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Problem Formulation

Input:

B-Rep, B. off,, ffaces,e,, edges and NN, co-edges defined by:
o Face features:. F ¢ RNVsxdys
o Edge features. E € RVexde
o Co-edge features: C ¢ RVexdc

Output:
o per-face CAD operation types: T = [ti;to;...;ty,] € {0,1} /%"
o per-face CAD operation steps: S = [sy;sa;...;8n,] € {0, 1}Vrxk:

), 1) Number of CAD operation types

1: Number of CAD operation types
2



Problem Formulation

Learn mappings s,c andi ¢ such that:

CAD operation type mapping:

P - RNf Xd ¢ % RNE X d, ¢ RNchc N {Oj 1}Nf><kt
(I)(Fu Eu C) =T

CAD operation step mapping:
W - Rfodf v RNExdE > RN,:xdC BN {O l}NkaS

U(F,E,C) =S
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o ABC dataset [1], Onshape proprietary format.
o Both MFCAD [2] and MECAD++ [3] synthetic datasets contain B-Reps and
machining feature labels.

A i N T
el Y
o = &

[1] Koch, S., Matveey, A,, Jiang, Z., Williams, F., Artemov, A., Burnaey, E., ... & Panozzo, D. (2019). Abc: A big cad model dataset for geometric deep learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp.
9601-9611).

[2] Zhang, Z., Jaiswal, P., & Rai, R. (2018). Featurenet: Machining feature recognition based on 3d convolution neural network. Computer-Aided Design, 101, 12-22.

[3] Colligan, A. R., Robinson, T. T., Nolan, D. C., Hua, Y., & Cao, W. (2022). Hierarchical CADNet: Learning from B-Reps for Machining Feature Recognition. Computer-Aided Design, 147, 103226.




Related Works - 3D CAD Datasets

o ABC dataset [1], Onshape proprietary format.

o MECAD [2].and MFCAD++ [3]_datasets, synthetic.

o Fusion360 dataset [4] contains 35k+ CAD models with their corresponding
construction history. However most models are relatively simple.
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o ABC dataset [1], Onshape proprietary format.
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Contributions

o A neural network, CADOps-Net, to learn the segmentation of faces into CAD
operation types and steps from B-Reps.
o A joint learning method within an end-to-end model.

o> Novel dataset, CC3D-Ops, with ~37k B-Reps and corresponding per-face CAD
operation type and step annotations.

o Evaluation on two datasets and compared to recent SOTA methods.

o Possible downstream application: CAD sketch recovery from B-Reps.
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Aggregate face features to obtain step embeddings: SA
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Concatenate face and step embeddings: FA ¢ SA
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Qualitative Results on CC3D-Ops dataset
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Qualitative Results on CC3D-Ops dataset

CAD Operation Type ~ CAD Operation Step Observations:
GT Pred. Error GT Pred. eror | 0 Correctness of operation type predictions

do not depend on the complexity of the
model.

o This does not appear to be the case for
the operation step predictions.

o The operation step segmentation task is
more challenging as it relates to the
construction history.
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Quantitative Results - SOTA Comparison
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Quantitative Results - SOTA Comparison

Observations:
o The joint learning strategy provides

Operation Type Operation Step

Model .
CAce  mloU  mAce mAren small improvements for both the

_ CADNer[5] 889  67.9 _ ] operation type and step predictions
& UV-Ner[12] 923 724 - - on the Fusion360 dataset.
S BRepNet [17] 94.3 81.4 - -
2 Oursw/oJL= 955 832 802  86.2

Oursw/JLT 959 842 825 860 o The joint learning strategy provides
% CADNet [5] 575 269 - - significant improvements for the
. BRepNet[17] 714 35.9 - - : —_
% Ourc o TI=—T60 130 284507 operation step predictions on the
O Oursw/JLT 750 443 627 751 more complex CC3D-Ops dataset.
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Possible downstream application: Sketch detection
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o Demonstrate the relevance of
predicting both the operation
type and step.



Possible downstream application: Sketch detection
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o Demonstrate the relevance of
predicting both the operation
type and step.

© Propose a simple method to
detect sketches on models made
from extrusion only.
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Limitations
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o There are different valid methods to construct the same CAD model.
o CADOps-Net sometimes make valid predictions that are labelled as incorrect.
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Conclusion

o CADOps-Net, a neural network that jointly learns the CAD operation type and
step segmentation of B-Rep faces.

o The joint learning strategy leads to
= significantly better results for the CAD operation step segmentation,

= state-of-the-art results on the CAD operation type segmentation task.

o Recovery of further useful information of the construction history such as 2D
sketches.

o CC3D-Ops dataset with B-Reps and operation type and step annotations.



