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resentation (B-Rep) models. An SDF encodes surface geometry. UDFs

encode vertices, edges, faces, and their connectivity. An extension of the Marching Cubes converts BR-DF to a faceted B-Rep model.

Abstract

This paper presents a novel geometric representation for
CAD Boundary Representation (B-Rep) based on volumet-
ric distance functions, dubbed B-Rep Distance Functions
(BR-DF). BR-DF encodes the surface mesh geometry of a
CAD model as signed distance function (SDF). B-Rep ver-
tices, edges, faces and their topology information are en-
coded as per-face unsigned distance functions (UDFs). An
extension of the Marching Cubes algorithm converts BR-DF
directly into watertight CAD B-Rep model (strictly speaking
a faceted B-Rep model). A surprising characteristic of BR-
DF is that this conversion process never fails. Leveraging
the volumetric nature of BR-DF, we propose a multi-branch
latent diffusion with 3D U-Net backbone for jointly generat-
ing the SDF and per-face UDFs of a BR-DF model. Our ap-
proach achieves comparable CAD generation performance
against SOTA methods while reaching the unprecedented
100% success rate in producing (faceted) B-Rep models.

1. Introduction

Volumetric distance functions are fundamental in geome-
try processing. The introduction of the Marching Cubes al-

gorithm [16] and signed distance functions (SDFs) marked
a significant breakthrough in surface reconstruction for the
field of computer graphics [1, 12]. These concepts were
later adopted by the computer vision community through
level-set and geometric active contour methods [3], allow-
ing geometry optimization without explicitly managing the
surface topology changes. In the era of deep learning and
generative artificial intelligence (GenAl), signed distance
functions remain central to geometry reconstruction and
generation [2, 21, 33], enabling high-quality 3D asserts cre-
ation through large-scale training [7, 13, 37].

Solid modeling in computer-aided design (CAD) focuses
on designing and editing shapes intended for real-world
manufacturing. Ensuring watertightness is therefore a criti-
cal requirement and a key challenge for GenAlI models de-
signed to synthesize CAD data structures, such as Boundary
Representations (B-Reps) [30]. Signed distance functions,
by their very nature, guarantee watertight representations,
making them a compelling choice for representing CAD B-
Rep model in solid modeling. This paper advances the use
of such volumetric distance functions by introducing an in-
novative representation that is both equivalent to and mu-
tually convertible with a faceted B-Rep model [24], i.e., a
segmented triangle mesh where each segment corresponds
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to a face in B-Rep, and the boundary curves between seg-
ments correspond to B-Rep edges.

Our proposed representation, B-Rep Distance Functions
(BR-DF), combines a signed distance function (SDF) with
per-face unsigned distance functions (UDFs) to fully cap-
ture the geometry and topology of a watertight CAD model.
Surprisingly, we find that a simple algorithm can reliably
convert BR-DF into faceted B-Rep—a process that never
fails. Specifically, we introduce a novel extension of the
Marching Cubes algorithm that reconstructs the CAD sur-
face boundary from SDF, and then conditioned on the sur-
face mesh and UDFs, recovers the complete B-Rep vertices,
edges, and faces together with their topology. Concretely,
for a CAD model with F' faces, any point on the zero iso-
surface of SDF has an associated F'-dimensional face UDF
scalar fields. A B-Rep face is determined by the minimal
UDF value in the face UDF fields. A B-Rep edge is de-
fined when at least two faces share the same minimum UDF
value, and similarly a B-Rep vertex occurs where at least
three faces share the minimum UDF value.

Since our representation is a set of scalar functions on
volumetric grids, we present a simple latent diffusion with
3D U-Net backbone for BR-DF generation. Qualitative and
quantitative evaluations on DeepCAD [32] and ABC [11]
datasets demonstrate that BR-DF based generative model
matches the performance of recent SOTA methods [32, 36],
while achieving the unprecedented 100% success rate of
producing faceted B-Rep models. While faceted B-Reps
still needs to be converted into B-Reps using standard mesh-
to-BRep conversion tools available in CAD software, the
topology generated by our method greatly aids in this pro-
cess. We believe this representation will play a key role
in developing generative models for CAD that guarantee
watertightness. To summarize, our paper makes three key
contributions: 1) a novel volumetric distance function rep-
resentation of B-Rep models, named BR-DF; 2) a March-
ing Cubes and Triangles algorithm to convert BR-DF to
faceted B-rep models with 100% success rate; 3) A sim-
ple B-Rep generative model based on BR-DF with perfor-
mance competitive to the state-of-the-art approaches. This
paper potentially marks a key innovation in CAD geome-
try representation—analogous to the impact that Marching
Cubes had on raster geometry modeling 25 years ago.

2. Related Work

This section reviews related work on distance functions and
CAD model generation.

2.1. Signed Distance Functions

Signed distance functions (SDFs) have been instrumental
in geometry processing. The introduction of the Marching
Cubes algorithm [15] enabled the creation of 3D mesh mod-
els from SDFs, setting the foundation for many surface re-

construction techniques. The Digital Michelangelo Project
[1] is a notable example, which utilized SDFs to capture
complex 3D geometry. In the Computer Vision domain,
level-set and active contour methods utilized SDFs, allow-
ing implicit surface representation that facilitated topology
adaptation [3]. Over time, distance functions became less
prominent in Computer Vision, as depth maps, point clouds,
and mesh representations gained popularity; however, SDFs
combined with Marching Cubes remain fundamental for
surface extraction in geometry processing.

The integration of deep learning has renewed interest in
distance functions. Neural implicit representations, such
as multilayer perceptron (MLP), predict SDF values for
single-image reconstruction or scan completion [2, 21, 33].
Volumetric grids are a popular alternative for the SDF rep-
resentation and can be scaled to high resolutions [6, 20].
NeuralRecon reconstructs 3D scenes in real-time from a
monocular video by predicting local TSDF volumes [25].
Similarly, Atlas directly regresses a TSDF volume from a
set of posed RGB images, utilizing a 2D convolutional neu-
ral network (CNN) to extract features from each image [19].

2.2. Generative Models for B-Reps

Recent advancements in boundary representation (B-Rep)
generation have focused on learning the construction se-
quences of sketch-and-extrude operations. This approach
allows the generated sequences to be parsed by solid mod-
eling kernels, enabling the rebuilding of B-Reps. Deep-
CAD [32] pioneered this direction by releasing a dataset
of sketch-and-extrude sequences, laying the groundwork
for further research. Subsequent works introduced signifi-
cant improvements: SkexGen [34] leveraged autoregressive
Transformer models [28] with disentangled learning of ge-
ometry and topology, leading to a substantial enhancement
in generation quality. Later, HNC-CAD [35] introduced hi-
erarchical latent codes that capture natural hierarchies in the
data structure, better preserving design intent and improv-
ing editability. A key advantage of the sketch-and-extrude
paradigm is its inherent guarantee of watertightness, as ex-
truded 2D sketches are constrained to form closed loops.
However, these methods rely on the availability of explicit
construction sequences alongside B-Reps, limiting their ap-
plicability to simpler, primitive-based shapes.

Direct B-Rep generation creates 3D geometry while
maintaining topological consistency among faces, edges,
and vertices. SolidGen [9] employs Transformer models
and pointer networks [29] to generate B-Rep entities in a
bottom-up manner. While this method benefits from larger
datasets compared to sketch-extrude techniques, it remains
constrained to basic geometric primitives and does not con-
sume freeform data. BrepGen [36] introduced a struc-
tured latent representation, learning face and edge embed-
dings via uniformly sampled point grids in the parameter



space [8]. By incorporating diffusion models, it progres-
sively generates faces and edges in a top-down manner, fa-
cilitating the creation of complex freeform surfaces while
ensuring topological consistency. However, both of these
methods adopt a surface-modeling approach to generating
solid models and struggle with maintaining watertightness.
A particularly relevant method to our research is Split-and-
Fit [14], which reconstructs B-Reps from point clouds us-
ing learned Voronoi partitions. By integrating geometric
algorithms and heuristics, it significantly improves water-
tightness in post-processing compared to prior approaches.
In contrast, our BR-DF representation offers a simpler and
more robust alternative based on signed and unsigned dis-
tance functions, enabling conversion to faceted B-Reps us-
ing a straightforward algorithm with guaranteed success.

3. B-Rep Distance Functions (BR-DF)

BR-DF is the core of our technical innovation. This section
provides a detailed explanation of its representation. Next
section explains the novel extension of Marching Cubes al-
gorithm that converts BR-DFs to faceted B-Rep models.

3.1. Signed Distance Function (SDF)

BR-DF consists of two volumetric distance functions
(see Figure 1). The first function is the widely used signed
distance function (SDF) that returns a signed distance to the
nearest point on the surface, with negative values indicating
inside and positive values for outside.

SDF zero iso-surface. Following existing literature, the
zero iso-surface of an SDF yields the surface geome-
try [1, 12] which we refer to as an “SDF-surface.” Note that
our representation assumes a solid B-Rep model, which is
watertight and has a well-defined SDF.

3.2. Per-face Unsigned Distance Function (UDF)

The second function is an unsigned distance function (UDF)
that returns an unsigned distance to the closest point on
the face of a CAD B-Rep model. When UDFs are sliced
along the SDF zero iso-surface, they encode B-Rep vertices,
edges, faces, and their connectivity as follows.

UDF minimum face. A straightforward interpretation of
UDF would be to consider a set of points with the zero UDF
value as a face on the SDF surface. However, UDFs are un-
signed and never zero. One might ask why not a per-face
SDF, with the zero iso-curve defining the face boundary.
However, this leads to inconsistencies of the zero iso-curves
between adjacent faces. Instead, we consider a “UDF min-
imum face” as the set of points where the UDF of a face
is the minimum among all the faces. This definition effec-
tively partitions the SDF-surface without overlaps or gaps.

UDF co-minimum curve. The UDF minimum face defini-
tion deduces “UDF co-minimal curves”. B-Rep edges or a

face boundary is a set of points where two face UDFs are
the minimum simultaneously.

UDF co-minimum point. The UDF co-minimum curve
definition deduces “UDF co-minimum points”. A B-Rep
vertex is where three UDFs are the minimum simultane-
ously. B-Rep points at X-junctions or higher-order degrees
are degenerate configurations in the BR-DF representation,
represented by two or more nearby co-minimum points.

4. Marching Cubes and Triangles (MCT)

Marching Cubes and Triangles (MCT) takes a discrete BR-
DF of distance functions sampled at 3D grid points as input
and outputs a faceted B-Rep model, i.e., a B-Rep model
except for parametric curve/surface fitting. The remarkable
aspect of the BR-DF representation and MCT algorithm is
their robustness—this process never fails and consistently
guarantees watertightness and valid topology. MCT always
converts any BR-DF into a valid faceted B-Rep model.
Marching Cubes extracts a triangulated mesh from a sur-
face SDF. Triangle vertices are on the edges of the uniform
grid, and per-face UDF values are linearly interpolated at
the mesh vertices (see Figure 2 Step 1 for details).
Marching Triangles is a novel extension that extracts CAD
B-Rep vertices, edges, faces, and their topology from the
triangulated mesh by identifying UDF minimal faces and
tracing the co-minimal points and curves. Marching Cubes
applies a 256-way rule to each cube independently based
on the signs of the SDF at its 8 grid points, achieving global
consistency and a watertight mesh. Similarly, Marching Tri-
angles applies a 3-way rule to each triangle independently
depending on the face UDFs at its 3 vertices, achieving
global consistency and a valid faceted B-Rep model.

Concretely, we determine the minimal face at each mesh
vertex by selecting the face with the smallest UDF, applying
perturbations in case of a tie (see Step 2 in Figure 2). For
each triangle, we extract a B-Rep vertex and/or edges via
the following 3-way rule as illustrated in Figure 2 Step 3:
1) if the minimal faces at all the vertices are the same, no
vertex or edge are created; 2) if two vertices share the same
minimal face, a B-Rep edge is created to separate the two
vertices from the third by cutting edges where the two UDFs
are equal via linear interpolation; and 3) if all three minimal
faces are different, a B-Rep vertex and three incident B-Rep
edges are created based on the UDF values at these three
vertices (detailed equations are in the supplementary). Note
that this operation is performed locally for each triangle but
the algorithm does achieve global consistency.

5. BR-DF Generative Model

BR-DF is a set of 3D scalar fields with an arbitrary number
of UDFs (i.e., faces). To determine the number of UDFs,
we follow BrepGen [36], which first generates axis-aligned
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Figure 2. MCT algorithm: 1) Given the volumetric UDFs for each face, interpolate a UDF value at each mesh vertex; 2) Select the face
with the smallest UDF at each mesh vertex; and 3) Extract B-Rep vertices and edges by applying the 3-way rules.

bounding boxes of the faces. Given the number of faces,
a latent diffusion model with a 3D U-Net backbone gener-
ates the SDF and UDFs, using 3D VQ-VAEs as the latent
encoder/decoder. This section explains the bounding box
generation, 3D VQ-VAEs, and the latent diffusion model.

5.1. Preliminaries

We represent an SDF or a UDF as 643 values sampled at
volumetric grid points within a cube. Given a B-Rep model,
we determine its tightest axis-aligned bounding box and ex-
pand it to a cube while maintaining the center and adding
a 20% margin on all sides. We normalize the 3D coordi-
nates so that the cube center is the origin, and its dimensions
are 2.0. We employ simple heuristics to compute SDF and
UDF values by using compute_signed_distance and com-
pute_distance from Open3D [38], and truncate results to
[—0.1,0.1] range because important values are near zero.

5.2. Bounding Box Generation

We borrow the face position denoiser module from Brep-
Gen [36], which predicts axis-aligned bounding boxes as
the 3D coordinates of their bottom-left and top-right cor-
ners. It generates a predetermined maximum of 40 bound-
ing boxes (60 during inference to minimize false nega-
tives), while applying a non-maximum suppression (i.e.,
two bounding boxes become duplicates if the coordinates
are within 0.04 distance for the two corners).

5.3. 3D VQ-VAEs

We use a standard VQ-VAEs [27] with 3D ResNet back-
bone [4] to encode the distance function of 643 spatial res-
olution into a latent volume of 43 resolution. The VQ-VAE
architecture consists of four downsampling and four up-
sampling blocks. Each block contains three layers of 3D-
ResNet blocks. The feature dimensions for downsampling

are 64-128-128-256, and in reverse order for upsampling.
We train two VQ-VAE:s (one for an SDF and one for a UDF)
using a combination of MSE reconstruction loss and code-
book loss. The codebook size is set to 8192.

5.4. BR-DF Latent Diffusion Module

BR-DF generation follows a multi-branch diffusion archi-
tecture [26]. It comprises of a surface branch for the sur-
face SDF and the face branches for the face UDFs (see Fig-
ure 3). The number of face branches is set to the number
of generated bounding boxes at inference and that of the
ground-truth at training.

The BR-DF Latent Diffusion Model Backbone is a
3D U-Net [22] with three encoding and three decoding
blocks. The first two encoding blocks are followed by
a downsampling operation, nn.Conv3d(stride=2), and the
last two decoding blocks have an upsampling operation,
nn.Upsample(scale_factor=2, model="nearest”). Each
block has two layers of 3D-ResNet blocks. A two-layer
MLP injects 6-DoF bounding box parameters into the face
branch by adding it to the face feature. Similarly, the aver-
age of all bounding boxes is added to the surface branch.

Three inter-branch layers are added following each U-
Net block: face-to-face (f2f) layer, face-to-surface (f2s)
layer, and surface-to-face (s2f) layer.

e face-to-face (f2f) layer and face-to-surface (f2s) layer
have the same structure. The source feature volume (a face
volume for f2f layer and the surface volume for {2s layer)
cross attention to the target feature volumes (remaining face
features for f2f layer and all face features for f2s layer) at
the same location. That means each token of the source fea-
ture attends only to the corresponding location in the target
feature maps. A 3D ResNet block then refines the feature.

o surface-to-face (s2f) layer is a 3D ResNet block that takes
an input as the concatenation of the surface volume and the
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face volume over the channel dimension, and outputs the
updated face latent.

Loss Function. The model is trained to predict the L2-
norm regression loss of the added sampled noise.
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where ¢, €’ are gaussian noises; € f+€s denotes the model
outputs; Z} and Z are face latent and surface latent; Z is
the latent with added noise.

6. Experiments

This section presents the generation results of our approach.
Extensive analysis demonstrates the advantages of B-Rep
Distance Functions (BR-DF). Unlike traditional Boundary
Representations which involves complex geometric struc-
tures, BR-DF employs volumetric-based distance functions
that bypasses these complexities, making learning much
easier. The Marching Cube and Triangles (MCT) algorithm
ensures robust conversion to faceted B-Rep with 100% wa-
tertightness and valid topology. The results show that our
approach matches the state-of-the-art performance while
having a clear advantage in terms of robustness.

6.1. Experiment Setup

Dataset. We evaluate generation quality on two datasets: 1)
DeepCAD dataset [32] comprises of mechanical parts made
from sketch-and-extrude operations, 2) ABC dataset [11]
includes a wide variety of CAD parts in B-Rep formats from
industrial design. Following [31], we remove duplicated
models in the datasets. Periodic surfaces (cylinders, etc.)
are split on the seams following SolidGen and BrepGen [ 10,
36]. B-Reps with more than 40 faces are also filtered out
to manage memory usage. After filtering, a total of 55,897
DeepCAD data and 120,868 ABC data are used for training.
Implementation Details. We implement our model in Py-
Torch, using AdamW [17] optimizer with a learning rate of
with 5e~* for all modules. We use continuous latent for
subsequent latent diffusion and the quantization layer is ab-
sorbed by the decoder. Following BrepGen [36], the bound-
ing box generation module is a standard Transformer diffu-
sion model with pre-layer normalization, 12 self-attention
layers, and 12 heads. Hidden dimension is 1024, and fea-
ture dimension is 768. Both bounding box generation mod-
ule and BR-DF latent diffusion module use 1,000 diffusion
steps and a linear beta schedule from 1le~* to 0.02. The
bounding box generation module is trained for 500 epochs
with a batch size 256 on a single NVIDIA A100 GPU,
while the BR-DF latent diffusion module is trained for 1000
epochs with a batch size of 64 on two A100 GPUs.

6.2. Inference

At inference, we use a 1,000 step DDPM [5] to denoise
the face bounding boxes. Following BrepGen, we increase
the number of bounding box tokens to 60, which exceeds
the maximum threshold used during training. This prevents
noisy bounding boxes from incorrectly merging in the de-
noising process. Non-maximum suppression eliminates du-
plicated bounding boxes. Next, the face UDFs and surface
SDF in BR-DF are jointly denoised conditioned on the pre-
viously generated bounding boxes. We use a DDIM [23]
scheduler with 200 steps for fast sampling. Finally, MCT
extracts the faceted B-Rep from the generated BR-DF.

6.3. Post-Processing

Marching Cubes and Triangles (MCT) algorithm extracts
faceted B-Rep models from BR-DF with 100% success rate.
To improve visual quality and support further B-Rep con-
version, we apply a conventional post-processing procedure
to smooth both the mesh surface and its boundaries. We first
compute parametric curves for each boundary while pre-
serving T-junctions. We then perform multiple iterations
of Laplacian smoothing and quadric-based edge-collapse
remeshing to simplify and refine each face. During this
process, boundary vertices at the same location from differ-
ent faces are averaged to maintain geometric consistency.
Please refer to the supplementary for further details.
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Figure 4. Unconditional generation results on DeepCAD dataset [32]. Our method achieves comparable performance to the state-of-the-art

methods, while maintaining 100% success rate.

Method COV MMD JSD |Novel Unique Valid

ot L L%t %t %t

DeepCAD 655 129 1.67| 874 893 46.1
SolidGen ~ 71.0 1.08 131|99.1 962 60.3
BrepGen ~ 73.9 1.04 128|998 997 629
Ours 737 1.09 140[99.9 99.1 100.*
BrepGenyge 57.9 135 3.69( 99.7 994 482
Oursppc 568 1.35 3.80| 999 995 100.*

Table 1. DeepCAD and ABC unconditional generation evaluation
based on Coverage (COV), Minimum Matching Distance (MMD)),
Jensen-Shannon Divergence (JSD) and Unique, Novel, Valid ratio.

6.4. Evaluations

Following BrepGen [36], we randomly sampled 3,000 re-
sults from the generated data and 1,000 from the reference
test set to evaluate our model with two sets of metrics: dis-
tribution metrics and CAD metrics. The distribution metrics
are based on 2,000 points sampled from the solid surface:

e Coverage (COV) is the ratio of reference data with at least
one match after assigning each generation to its closest
neighbor in the reference based on Chamfer Distance.

* Minimum Matching Distance (MMD) is the average
Chamfer Distance between a reference set and its near-
est neighbor in the generated set.

e Jensen-Shannon Divergence (JSD) measures the distri-
bution distance between reference and generated data by
converting points into 282 discrete voxels.

CAD metrics compute the following scores:

* Novel percentage is the ratio of the generated data that
does not appear in the training set.

* Unique percentage is the ratio of the data that appears
only once in the generated results.

* Valid percentage is the ratio of the generated B-Rep data
that are watertight solids.

6.5. Unconditional B-Rep Generation

We compare against DeepCAD [32], SolidGen [10] and
BrepGen [36] for unconditional generation. For DeepCAD
we further rebuild the generated sketch-and-extrude param-
eters into B-Rep solids.

Qualitative Evaluation. Figure 4 presents qualitative re-
sults on DeepCAD dataset. Our results demonstrate compa-
rable performance to state-of-the-art methods. Additional
results are provided in the supplementary materials. Fig-
ure 5 further showcases generated results trained on the
ABC dataset. The key strength of our method is its un-
precedented 100% success rate in producing faceted B-Rep
models. To the best of our knowledge, no existing method
comes close to achieving this level of reliability.

Quantitative Evaluation. Table | presents the quantita-
tive results of our method against three other existing ap-
proaches. Our model is able to achieve comparable scores
in COV, MMD, and JSD metrics. It is only slightly lower
than the more complicated BrepGen method which has four
different diffusion modules [36]. Another reason is that
our approach represents B-Rep through volumetric distance
functions. This introduces a disadvantage for distribution-
based metrics, as these metrics rely on sampling points from
the mesh surface, making our performance sensitive to reso-
lution. However, our key strength lies in achieving a 100%
validity rate. Validity is defined as generating watertight
models with no topological errors—a criterion our method
never fails. It is important to note that our success rate is
calculated based on faceted B-Rep. Nonetheless, we ar-
gue that given a watertight and topologically valid structure,
converting it into a standard B-Rep format is a straightfor-
ward and manageable process. Two B-Reps are considered
identical if they have the same topological connections and
if the 4-bit quantized positions of B-Rep vertices and edges
(represented by the concatenation of their two endpoint po-
sitions) are also identical.
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Figure 5. Unconditional generation results on the ABC dataset [11].

6.6. Reconstruction Evaluation

BR-DF representation is equivalent to a facated B-Rep
model. We evaluate the numerical accuracy of this equiv-
alence through the following steps: 1) Convert a faceted
B-Rrep model into BR-DF via distance computation; 2) Re-
construct a faceted B-Rep model using MCT; and 3) Eval-
uate the reconstruction accuracy by comparing the recon-
structed model against the original model. We use three
metrics. The first one is Chamfer Distance (CD) based
on 5,000 points uniformly sampled on the surfaces of both
models. We compute CD metrics before and after the post-
processing step. The second one is Invalid Rate (IR) defined
in DeepCAD [32], measuring the proportion of cases where
B-Rep conversion failed due to invalid topology. The third
one is the Same Topology Rate (STR), which measures the
ratio of samples where the CAD topology (i.e., the numbers
of points, curves, and faces together with their connectivity)
match exactly. Note that STR is more “strict” than IR, be-
cause the reconstruction must lead to a valid B-Rep model
and the topology must match exactly.

In Table 2, Ours,,, shows the number for our reconstruc-
tion procedure described above. Oursy,een is @ version where
we further add the 3D VQ-VAE encoder and decoder (sub-
section 5.3) to the BRDF representation. Lastly, we also
evaluate DeepCAD system, where a transformer encodes
a BRep-model into a 256 dimensional embedding and an-
other transformer decodes an embedding back to a BRep-
model. The table shows that Ours.,,, achieves impressive
0% IR and 100% STR. CD is at the scale of 6.6e-4, which
is negligible given that the model coordinates are normal-
ized to a scale of 2.0 (subsection 5.1).

6.7. Conditional B-Rep Generation

Given partial bounding boxes, our model can generate a
diverse set of CAD models with complete geometry and
topology. Inspired by RePaint [18], we replace a subset of

tokens with the provided bounding boxes, which are dif-
fused to the corresponding time step during the bounding
box generation stage. To enhance result quality, we adopt
the same resampling technique as RePaint. After that, the
generation of UDFs and SDF follows the same process as
unconditional generation. Figure 7 illustrates the diversity
of results produced from different Gaussian noise inputs.

6.8. Constructive BR-DF Geometry

BR-DF is a set of 3D scalar fields. Constructive solid geom-
etry operations—such as intersection and union—become
applicable to B-rep models through their BR-DF represen-
tations. Figure 6 illustrates such examples. Animations of
more examples are provided in the supplementary video.
Suppose we are to take intersection/union of multiple B-
Rep models, each of which is a surface SDF and an arbi-
trary number of face UDFs. The surface SDF of a com-
bined model follows the standard formula (i.e., max for in-
tersection and min for union). Computing face UDFs of
the combined model is not trivial. Since we only care the
order of UDF values (i.e., minimum face or co-minimum
curve/point), we use each UDF without modification.

6.9. Ablation Studies

To evaluate the effectiveness of the two-stage generation
process, we conduct an ablation study by removing the
bounding box generation module and using only the BR-DF
Latent Diffusion Module, as described in Sec. 5.4. Since
the number of faces forming a solid varies and is unknown
during inference, we randomly duplicate faces during train-
ing until the maximum face count is reached. At inference,
we apply non-maximum suppression (NMS) with a prede-
fined threshold to eliminate duplicate face latents. Table 3
presents the results trained on the DeepCAD dataset. While
the CAD metrics (Novel, Unique, Valid) remain similar, the
distribution metrics (COV, MMD, JSD) show a significant
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Figure 6. Constructive BR-DF Geometry. Multiple B-Rep models (left) are converted to their BR-DF representations and combined. The
resulting BR-DF representation is then converted back to a valid B-Rep model using the MCT algorithm.

Figure 7. Given partial bounding boxes (left), our model generates
a diverse set of CAD models with complete geometry/topology.
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Figure 8. Failure examples occur at thin geometries and where
irregular meshes are generated by the marching cubes.

gap compared to the full two-stage model. This suggests
that joint denoising for a variable number of latents is con-
siderably more challenging for high-dimensional features
(face latents) than for low-dimensional features (bound-
ing box coordinates). Additionally, we report results using
ground-truth bounding boxes.

6.10. Failure Cases

Figure 8 presents failure cases and show the limitations of
our method. Note that these failures are not caused by the
Marching Cubes and Triangles (MCT) algorithm but rather
by defects in the BR-DF generative model. MCT is guaran-
teed to convert BR-DF with a 100% success rate. Improving
the generative model will significantly mitigate these issues.

Method CDJ IRl  STRt
DeepCAD 7.6e-4 321% 95.21%
OUrS oy 6.6e-4/6.9e-4  0.00%  100%

Oursjaent 7.5e-4/8.0e-4  0.00% 93.33%

Table 2. Reconstruction evaluation. For Ours;ayw and OurSaen;, W€
report results with and without post-processing for CD.

Bbox COV MMD JSD |Novel Unique Valid
%1 L L%t %t %t

Pred 737 1.09 1.40| 100. 99.1. 100.*
wlo 66.1 129 152|999 993. 100.*
GT 758 1.06 1.22]99.8 98.7 100.*

Table 3. Effectiveness of the two-stage generation process. Abla-
tion using predicted bounding box (pred), no bounding box (w/0),
and ground-truth bounding box (GT).

7. Conclusions

We introduced B-Rep Distance Functions, a novel geomet-
ric representation for CAD B-Rep models using volumet-
ric distance functions. BR-DF encodes surface geometry
as an SDF and represents B-Rep elements (vertices, curves,
faces) and their connectivity as per-face UDFs. Our March-
ing Cubes and Triangles algorithm always converts any BR-
DF into a watertight faceted B-Rep model. Compared to
other B-Rep modeling methods, BR-DF is 3D scalar fields,
making its generation immediately applicable to popular
approaches such as diffusion models. Future work is to en-
hance generation quality and handle more complex models.
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B-Rep Distance Functions (BR-DF)
How to Represent a B-Rep Model by Volumetric Distance Functions?

Supplementary Material

8.1. Extracting boundary segments

The Marching Cubes and Triangles (MCT) algorithm traces
all the mesh triangles and extracts the boundaries following
3-way rules (1) If the minimal faces of all the three ver-
tices are the same, no point or curves are created; (2) If
two vertices share the same minimal face, a B-Rep curve is
created to cut the triangle via linear interpolation; (3) If all
three minimal faces are different, a B-Rep vertex and three
incident B-Rep curves are created. The equations for com-
puting the B-Rep points on the mesh edges or inside the

triangles are shown in Figure 9.
V1 (d)) :111 (dy,dy) ;vl(«u,m )
3 L)

(%] V3(ds) vz(,, ) (dsls) 1)2(,/“4,7“ ) V3 (d,ds,

(d2)
tx di+(1 —t)xdo=txd,+(1 — t)xds (1)

wy,waywz=1/dy,1/d2,1/ 3)
wyLoc,, + wsLoc,, + 1w Loc,
wy + wo +

Loc, =t x Loc,, + (1 —t) x Loc,,  (2)| Loc, = =4

Figure 9. Brep Vertex/Curve Interpolation.

The boundary between every two neighbor faces is de-
fined by a set of intersection points (marked as red cubes
or stars in Figure 9) and their connections. The boundary
is guaranteed to begin and end with 3-degree junctions (red
stars).

8.2. Boundary Smoothing

For the boundaries of every two neighbor faces, we fit them
to either a straight line (1-degree polynomial function) or
a curve line (3-degree polynomial function). The start and
end points are preserved by assigning them a high fitting
weight. After fitting, the adjusted boundary curves are pro-
jected back onto the mesh to update the positions of the
intersection points.

8.3. Establishing Faces and Boundaries

To properly define faces and boundaries, new triangles must
be introduced within the mesh so that boundary curves be-
come actual mesh edges. Figure 10 illustrates this process,
where dark lines represent newly added edges, and different
colors indicate separated faces.

8.4. Mesh Smoothing with Topology Preservation

The initial mesh generated by Marching Cubes often has
rough surfaces and rounded boundary regions. To improve

Figure 10. Illustration of face and boundary establishment.

quality, we apply multiple iterations of Laplacian smooth-
ing and Quadric-based edge-collapse remeshing (with the
PyMeshLab package). During this process, boundary ver-
tices are averaged to maintain geometric consistency while
preserving the mesh’s overall structure.

9. Additional Results

Figures 11,12,13,14 shows additional results on DeepCAD
dataset.
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Figure 13. Additional Results
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