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Abstract

Databases of 3D CAD (computer aided design) models are often large and lacking in meaningful organisation. Effective tools for
automatically searching for, categorising and comparing CAD models, therefore, have many potential applications in improving
efficiency within design processes. This paper presents a novel asymmetric autoencoder model, consisting of a recursive encoder
network and fully-connected decoder network, for the reproduction of CAD models through prediction of the parameters necessary
to generate a 3D part design. Inputs to the autoencoder are STEP (standard for the exchange of product data) files, an ISO standard
CAD model format, compatible with all major CAD software. A complete 3D model can be accurately reproduced using a STEP
file, meaning that all geometric information can be used to contribute to the final encoded vector, with no loss of small detail.

In a CAD model of overall size 10 x 10 x 10 units, for 90% of models, the class of an added feature is estimated with maximum
error of 0.6 units, feature size with maximum error of 0.4 units and coordinate values representing position with maximum error
of 0.3 units. These results demonstrate the successful encoding of complex geometric information, beyond merely the shape of the
3D object, with potential application in the design of search engine functionality.

© 2024 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the scientific committee of the Sth International Conference on Industry 4.0 and Smart Manufacturing

Keywords: CAD models; STEP files; recursive neural network; autoencoder

1. Introduction

The interpretation of 3D CAD models provides a significant challenge for deep learning models. Traditional ap-
proaches for the manipulation of 3D data such as the multi-view [1], voxel [2] and point-cloud [3] methods, whilst
often successful when applied to general shape recognition tasks, can have serious limitations when applied to the use-
ful analysis of CAD model data. Issues such as limited resolution and loss of real 3D information when transforming
the input data into the form required by the neural network will have increased impact when regarding a potentially
complex 3D model part, in which small details may be of high significance.
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Much of the existing research into the automatic understanding of 3D CAD data focuses on the tasks of machining
feature recognition and localisation, with the goal of creating a bridge between CAD design and the real processes
necessary to manufacture a part. Whilst this is clearly a valuable task, comparatively little existing research focuses
on other applications for CAD data interpretation, such as the development of automatic search-engine capabilities
within CAD model databases. A deep learning model capable of automatically categorising, grouping and comparing
existing part designs within an existing database has the potential to greatly improve efficiency within the design
process. For instance, comparing a new design to similar existing part designs could lead to increased standardisation
of parts, improving manufacturing efficiency. When adapting a part design, searching the database for existing models
with the desired change could save considerable time in manually developing a new design.

Intelligent search-engine functionality relies on the compression of complex input data into meaningful vector
encodings, which can be compared, classified and used to extract information about the CAD model geometry. Ideally,
the encoder network producing these encodings should be trained not for a specific task, but to produce an output
vector which is best capable of representing all information from the input CAD model.

The autoencoder [4] is a class of neural network commonly used to produce compact general representations of
data inputs. A traditional autoencoder architecture consists of mirrored encoder and decoder networks. The encoder
compresses the input data into a compact form and the decoder attempts to use these encodings to reproduce the input
data. These models can be trained in an unsupervised manner, with the goal of training being to encode the inputs in
such a way that no information is lost and each data point can be perfectly reconstructed by the decoder. Thus, there
is no need for labelled training data. Once trained, the encoder half of autoencoder networks can be applied to diverse
tasks, such as classification [5], generation [6] and dimensionality reduction [7].

In [8], a recursive neural network is used to perform classification of simple machining features using STEP files
as direct input, with accuracy approaching 100%. The interpretation of the text-based STEP format is here treated as
a language processing task, in which a recursive neural network [9] is applied to the inherent tree structure of STEP
data, without first converting to a more easily-interpretable 3D data format. This method is extended to the detection
of multiple machining features in [10], with results demonstrating the robustness of this approach when presented
with small machining features relative to the CAD model size.

In this paper, we propose to incorporate the recursive network presented in [8] into a novel autoencoder architecture,
trained to reproduce the parameters used to create an input CAD model.

2. Methods

Figure 1 shows an overview of the autoencoder architecture. CAD models are generated using a list of parameters
which define the geometric properties of a fixed set of 3D shapes. These models are then saved in STEP format and
each STEP file is parsed to generate an encoded tree structure, suitable as input to a recursive neural network. The
recursive network encodes the information from the input tree into a single-vector format. This vector is then fed
into a fully-connected decoder network which outputs a list of parameters which can be used to generate a new CAD
model.

As is the case with traditional autoencoder architectures, our network is trained to decode and then reproduce the
input data. However, this architecture is somewhat unusual in its asymmetric nature, as the decoder does not predict the
direct input of the encoder and the two networks have entirely different structures. Nevertheless, the desired outcome is
the same as for any autoencoder network: to encode input data as a vector whilst maintaining all information necessary
to reconstruct the source.

This section will outline the implementation of our model, detailing the parsing of input STEP data and the archi-
tecture of the recursive encoder and fully-connected decoder networks.

2.1. STEP Parsing

The main body of a STEP file consists of a list of nodes which are connected together to form a hierarchical
structure. An example segment of a STEP file is included in Figure 1. Each node is represented by a single line in the
file, containing a unique ID number, node category, and a list of the node’s children, given as parameters. Children
may be the ID numbers of other nodes, numerical values representing coordinate points or additional values and flags.
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Fig. 1: Autoencoder structure

The order of lines in a STEP file is not significant as the structure is formed based on the connections between parent
and child nodes, and so lines may be randomly ordered or clustered by category.

In order to access the information from a STEP file in a format which can be interpreted by a neural network, several
parsing steps must be performed. First, the meaningless order of lines in the file must be replaced by the tree structure
inherent in the data. Next, each node category is encoded as a one-hot vector which can be input into the neural
network. These parsing steps are performed according to the procedure detailed in [8], and result in hierarchically
structured data with an encoded category assigned as the input for each node in the data tree.

2.2. Recursive Encoder

The encoder half of our autoencoder architecture is a recursive neural network, specifically the Child-Sum Tree-
LSTM network first proposed in [9]. The modified LSTM cell utilised in this network is governed by the following
equations, for a node j with a set of children C(j):

hi= 2, M
keC(j)

ij=o(W; + UPh; + b?) 2)
fix = O'(W(f)xj + U(f)hk + b(f)) 3)
0j = O'(W(O)Xj + U(U)de + b(o)) 4)
uj = tanh(W(")xj + U(u)ilj + b(u)) (5)
c;j=i;0u;j+ ijkQCk (6)

keC(j)

hj=o0;0tanh(c;) (7
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Fig. 2: Example recursive structure, where x,, denotes the input vector at node n and £, is the output hidden state for the top-level node, representing
the final output of the encoder.

where inputs are the hidden states from each child node, A, and the new input, x;; outputs are the cell state, c;, and
new hidden state, /;; and behaviour is controlled by three gates, the input gate, 7, forget gate, f and output gate, o. The
learned parameters of the LSTM cell are the weight matrices, U and W, and bias terms, b.

The recursive neural network applies this modified LSTM cell at every node within a hierarchical data structure,
taking the hidden states from child nodes and new input at the current node as inputs, and calculating new hidden
states as output which will then be passed to the current node’s parents in the next level of the tree. Figure 2 shows
how a tree-LSTM cell might be applied to a simple data tree.

The geometric data from a STEP file will always culminate in a single top-level node, representing the entire model
geometry. Therefore, a recursive neural network can be applied as an encoder network, taking a data tree as input and
producing a single-vector encoding, the output hidden state for the top-level node, as shown in Figure 2.

2.3. Fully-Connected Decoder

The decoder network is a two-layer fully connected network which produces an output vector of length 4, with each
value representing one of the parameters used to generate the CAD model. A sigmoid activation function is applied to
the output of the decoder network as:

1
T 1 +exp(—x)

o(x) (®)

resulting in values distributed between 0 and 1. These normalised values are then scaled according to the range of
values possible for each parameter, to produce a final list of predicted parameters for each CAD model.
2.4. Network Parameters and Training

When training for multiple classes of CAD model, it is inevitable that some parameters will be necessary to repro-

duce certain classes of model but not others. Therefore, a masked MSE loss was implemented as follows, to eliminate
irrelevant parameters when calculating loss and performing gradient descent:
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where x and y are the predicted and target vectors respectively and m is a mask vector, set to one for valid parameters
and zero for invalid parameters. All vectors have length N.

The random search method was utilised to select optimal hidden size for the encoder network to be 280, with
intermediate hidden size for the decoder of 60. Learning rate was initialised at 1e-3 and the Adam optimiser [11] used
for gradient descent. Code is written in PyTorch and computations are carried out using a Xeon E5-2609 v3 CPU.

3. Results and Discussion
3.1. Dataset

The autoencoder model is trained and tested using a dataset of machining features. Each CAD model in the dataset
is built from a starting block which is a uniform cube, of side length 10 units. As the goal is to assess CAD models
based on geometric shape, and all models are normalised through the use of an identical starting block, real units are
ignored, with the focus being on geometric parameters relative to the overall model size. To generate unique CAD
models, one of 24 classes of machining features, including holes, slots, fillets and chamfers, is added to each starting
block. Some examples of the machining feature classes used are presented in Figure 3.

The necessary parameters to generate or recreate any model from the dataset are the feature class, size, depth
and two coordinate values representing the position of the centre of the feature. As depth is somewhat dependent on
feature class, it was decided to ignore it for the purposes of this work, leaving four parameters to be predicted. Figure
4 shows each of these parameters for an example feature class. Not every parameter is relevant to every model class.
For instance, the chamfer class, for which only the feature size can be altered, as its position is fixed to an edge.

All relevant parameters are randomly selected for each model when generating the dataset. In addition, models
are randomly rotated by 90 degree increments during generation, to increase variety in the dataset. This can result
in 3D models which may be functionally similar but which will be represented by significantly different STEP files,
as the STEP format utilises absolute coordinate values and has no mechanism for the recognition of rotational sym-
metry. Therefore, identifying similarity in rotated models introduces a significant degree of complexity for the neural
network.

The dataset contains a total of 5280 STEP files, divided randomly into train, validation and test sets with a ratio of
7:2:1. Each subset is balanced according to feature class.

3.2. Parameter Prediction Error

Table 1: Maximum absolute error in real parameter estimation for various percentiles

Percentile Class Size X Centre Y Centre
50% 0.20 0.10 0.10 0.10
60% 0.20 0.10 0.10 0.10
70% 0.30 0.20 0.20 0.20
80% 0.40 0.22 0.20 0.20

90% 0.60 0.40 0.30 0.30




3244 Victoria Miles et al. / Procedia Computer Science 232 (2024) 3239-3246

(d) Hexagonal Through Hole (e) Vertical Circular End Blind Slot (f) Chamfer

Fig. 3: Examples of machining feature classes in the dataset
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Fig. 4: Illustration of the geometric parameters used to define features, using the circular through hole class as an example; ¢, and ¢, are coordinates
of the feature centre, s is the size of the feature when viewed from the front face.
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Fig. 5: Box plots showing normalised and real error when predicting each parameter, with O representing a perfect prediction; whiskers represent
the 95th and 5th percentiles, with points outside these ranges plotted individually

Figure 5 shows the error distribution when predicting each of the 4 parameters across the test dataset. Figure 5a
shows the error in direct neural network output, which is normalised between 0 and 1 for each parameter and Figure
5b shows the error in real predicted value, after the output has been denormalised.

Table 1 shows the absolute denormalised error values for the 50th to 90th percentiles, indicating the maximum
error with which each parameter will be predicted for a given percentage of models. For instance, the size parameter
is predicted with absolute error lower than 0.22 for 80% of CAD models in the test dataset.

From Figure 5a, it can be seen that the neural network is best able to accurately predict the value representing the
feature class. This is an unsurprising result, given that feature class is the parameter which will produce by far the
largest change in the input STEP file when changed, meaning that models of different feature class should be trivial
for the neural network to distinguish. Interestingly, however, when converting the output of the decoder into actual
predicted values, performance for class, size, x and y coordinates become more similar, with the model capable of
predicting a value with absolute error less than 0.2 60% of the time for feature class and 70% of the time for size and
coordinate values.

For actual, denormalised predictions, the most successfully predicted parameters are the coordinate values, both
with error less than 0.3 for 90% of inputs. The size parameter shows similar performance in the lower percentiles but
increased error in the higher percentiles, implying the existence of some more difficult edge cases.

4. Conclusions

This paper presents a novel asymmetric autoencoder architecture based on a recursive encoder and fully-connected
decoder, for the reproduction of 3D CAD models from STEP files, by predicting the geometric parameters used for
model generation. It is demonstrated that geometric parameters, such as size and position, can be estimated from
STEP files within reasonable error bounds. These successfully predicted parameters indicate the effective encoding of
not only 3D shape but also specific geometric parameters into the single-vector representation produced as output by
the recursive encoder network.

This paper represents an initial test in the development of search engine tools for CAD model databases, with
potential future work outside the scope of this paper including detailed investigation into how well the geometric
information represented in the encoded vectors can be exploited in reliable search functionality and the application of
this method to more complex, realistic data.
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