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Fig. 1. DualBrep bridges the discrete-continuous gap in B-rep learning. Standard B-reps (left) define shapes by explicitly stitching together disjoint
parametric surfaces and curves via a discrete connectivity graph, a representation that is difficult to optimize by gradient-based methods. DualBrep reformulates
this into a fully continuous domain (right) by encoding geometry as a Shape field and topology as a Generalized Voronoi Diagram (GVD) field. These dual
fields are compressed into a single, unified latent representation, enabling robust downstream tasks such as conditional generation and deterministic reverse
engineering. A learned rebuilder extracts explicit, watertight B-rep models directly from these continuous signals.

Boundary Representation (B-rep) is the most commonly used data format
in Computer-Aided Design (CAD) due to its analytical precision and direct
support for parametric editing. However, its heterogeneous data structure—
continuous parametric geometry with discrete topological graphs—poses
fundamental challenges for deep learning models. Existing methods often
directly predict the heterogeneous B-rep graph, relying on fixed-size padding
or sequential tokenization to handle the varying cardinality of the geometric
primitives. These approaches struggle with the combinatorial complexity of
CAD models. The discrete, non-differentiable nature of graph data structure
prevents end-to-end optimization of the geometry and watertightness. In
this work we introduce DualBrep, a novel continuous representation that
unifies B-rep geometry and topology within a fully structured Euclidean
domain. DualBrep encodes a CAD model using dual scalar fields: a Signed
Distance Function (SDF) to represent the global shape geometry, and an
Unsigned Distance Field (UDF) that implicitly encode the topological struc-
ture via a Voronoi partitioning of the surface elements. Crucially, rather
than processing these fields independently, we compress them into a single,
unified latent representation. This compact embedding forces the model
to learn the joint distribution of geometry and topology, ensuring that the
predicted topological boundaries align strictly with the underlying geo-
metric surface. Finally, we use a neural rebuilder to extract explicit B-rep
models—comprising both prismatic and free-form primitives—directly from
our continuous dual scalar fields. We demonstrate that DualBrep serves as a
robust, unified backbone for CAD B-rep learning, achieving strong perfor-
mance in both reverse engineering from raw point clouds and generative
modeling via latent diffusion. Code will be released on acceptance.

CCS Concepts: « Computing methodologies — Shape modeling; Neural
networks; « Applied computing — Computer-aided design.

Additional Key Words and Phrases: Boundary representation; Generative
models; Diffusion models; Representation learning

1 Introduction

Boundary Representation (B-rep) stands as the de-facto standard
format in Computer-Aided Design (CAD), forming the backbone
of modern manufacturing, physical simulation, and creative de-
sign pipelines. Unlike lightweight representations such as triangle
meshes or point clouds, B-reps offer analytical precision and rich
editability by encoding solid shapes as a collection of parametric
surfaces, trimmed by explicit topological boundaries. With the ad-
vent of large-scale CAD datasets [Koch et al. 2019a; Willis et al.
2021] and foundational geometric deep learning, there is a growing
interest in modeling the distribution of B-rep data for tasks such as
text-to-CAD generation [Khan et al. 2024; Li et al. 2025d; Liu et al.
2025], CAD autocompletion [Xu et al. 2025, 2024], and constrained
synthesis [Casey et al. 2025]. However, the inherent structure of
B-reps poses a fundamental “compatibility paradox" for deep learn-
ing. While neural networks excel at modeling continuous signals in
Euclidean space, B-rep data is intrinsically heterogeneous and com-
binatorial, intertwining various continuous parametric equations
(geometry) with discrete graph structures (topology). This structural
mismatch makes learning a robust generative B-rep distribution
exponentially difficult, especially as shape complexity increases.
Most existing approaches address this heterogeneity by modeling
the discrete B-rep either as construction history [Wu et al. 2021; Xu
et al. 2023] or raw boundary components [Jayaraman et al. 2023;
Xu et al. 2024]. Even recent unified generative models [Li et al.
2025d; Liu et al. 2025; Xu et al. 2025] rely on discrete tokenization or
fixed-size padding. This paradigm faces a critical limitation rooted
in the complexity of B-reps: modeling the combinatorial topology
distribution using gradient-based optimization creates a disjoint
optimization landscape. Since the discrete topological choices are
non-differentiable, the network cannot be optimized end-to-end
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to minimize geometric inconsistencies or to improve watertight-
ness. This optimization challenge is further exacerbated by the long
sequences required to represent complex shapes; as the chain of
dependencies grows, the generative process suffers from severe er-
ror accumulation. Consequently, solid watertightness diminishes
rapidly [Liu et al. 2025; Xu et al. 2025], frequently yielding broken
shapes that are unusable for engineering.

In contrast, the field of mesh and surface generation have un-
dergone a dramatic transformation driven by continuous implicit
representations [Chen et al. 2025; Li et al. 2025¢c; Wu et al. 2016;
Xiang et al. 2025; Zhang et al. 2023]. State-of-the-art methods like
Hunyuan3D [Zhao et al. 2025] and TripoSR [Tochilkin et al. 2024]
generate highly detailed, watertight shapes with remarkable prompt
fidelity. Their success stems from a pivotal shift: rather than pre-
dicting discrete mesh directly, they model the underlying shape as a
continuous field (e.g., Signed Distance Functions (SDF) or occupancy
fields). Since continuous fields are differentiable and resolution-
independent, they are naturally aligned with gradient-based opti-
mization, allowing networks to learn complex shape distributions
without worrying about combinatorial validity.

Inspired by this dichotomy, we propose to rethink B-rep learn-
ing by shifting its representational domain from discrete graphs to
continuous fields. Towards this end, we introduce DualBrep, a frame-
work that models B-rep data as a fully continuous signal. Instead of
manipulating discrete graph structures, we encode the CAD model
into two spatially aligned scalar fields: i) A Signed Distance Function
(SDF) that defines the global, watertight shape geometry, ensuring
differentiability and resolution independence, and ii) a novel ap-
plication of the Generalized Voronoi Diagram (GVD), as shown in
Fig. 1. Treating the B-rep faces as geometric "sites,' the GVD forms a
continuous sheet in 3D space that partitions the volume into regions
nearest to each B-rep surface. We encode this structure as a single
Unsigned Distance Field (UDF) representing the distance from any
point in space to this GVD boundary. Rather than processing these
signals in isolation, we compress them into a single, unified latent
representation. This compact embedding forces the model to learn
the strict coupling between geometry and topology, ensuring that
topological cuts strictly align with the underlying surface. A neural
rebuilder then discretizes this consistent signal, recovering explicit
surface patches and stitching them into a valid watertight B-rep.

Our continuous backbone unifies two distinct CAD capabilities.
First, for deterministic reconstruction, the single latent space acts
as a robust geometric prior; it imposes structural regularity on un-
structured inputs (e.g., raw point clouds), allowing the rebuilder to
extract valid models without the "hallucination” artifacts common
in graph prediction. Second, the regularized Euclidean manifold
enables generative modeling, allowing us to train Latent Flow Match-
ing Models that synthesize complex watertight topologies without
the error accumulation inherent to autoregressive generation.

To the best of our knowledge, DualBrep is the first framework
to leverage a unified continuous domain for B-rep representation
learning. While the final conversion back to discrete B-rep is not
strictly lossless and may still introduce invalid geometry, this de-
sign allows us to defer discretization until the global geometry and
topology are well established. Consequently, we avoid forcing the

model to hallucinate topology from noise, effectively reducing the
final B-rep extraction to a well-defined reconstruction task.

Through extensive experiments, we demonstrate that this para-
digm effectively shifts the bottleneck of B-rep modeling. By leverag-
ing our continuous dual-field backbone, DualBrep achieves strong
performance across various B-rep learning tasks, including reverse
engineering from raw point clouds and conditional generation (point
cloud, image) via latent flow matching models. More importantly,
we show that DualBrep scales gracefully with shape complexity,
maintaining high validity rates and low geometric and topological
error as the number of B-rep primitives increases.

2 Related Work
2.1 B-rep Reconstruction

Reconstructing B-rep models from raw point clouds is a longstand-
ing challenge in reverse engineering. Early learning-based approaches,
such as ParseNet [Sharma et al. 2020], HPNet [Yan et al. 2021], SED-
Net [Li et al. 2023], and Point2CAD [Liu et al. 2024b], typically rely
on segmented point sets as their core representation. These methods
treat reconstruction as a primitive fitting problem, where the point
cloud is first segmented into patches, and each patch is then fitted
to a parametric surface. However, this paradigm is usually limited
by the expressiveness of the input point cloud and the segmenta-
tion accuracy, often failing to capture clean boundaries or global
topological consistency.

Distinct from these segmentation-based approaches, Complex-
Gen [Guo et al. 2022] formulates reconstruction as a detection task,
using a primitive-based representation to regress surfaces, edges,
and vertices directly. The lack of explicit topological constraints
often leads to models with high rates of invalid topology, such
as missing or overlapping primitives. Most relevant to our work
is NVDNet [Liu et al. 2024a], which introduces a structure-aware
Voronoi partitioning to represent the segmentation of B-rep mod-
els. However, NVDNet focuses on local geometric priors and only
performs the reconstruction of the Voronoi diagram. Our method
extends the Voronoi diagram concept from NVDNet into a dual-
distance field formulation. We employ a Variational Autoencoder
(VAE) to encode both the shape geometry and its Voronoi-based
segmentation into a unified global latent space. This global prior
not only enables more robust and accurate B-rep reconstruction but
also paves the way for conditional generative modeling. Further-
more, our learned rebuilder significantly enhances the capability to
recover free-form surfaces, a limitation in many prior works.

2.2 B-rep Generation

Generative modeling of B-rep data has evolved through several
paradigms. Command-based methods, such as DeepCAD [Wu et al.
2021], SkexGen [Xu et al. 2022], and HNC-CAD [Xu et al. 2023],
represent B-reps as a sequence of construction operations (e.g.,
sketch and extrude). While these methods guarantee valid CAD
models by design, they are limited by the availability of construction
history data and struggle to represent complex, free-form surfaces
that cannot be easily described by simple operations.
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Direct B-rep modeling approaches attempt to generate the B-rep
data structure itself, but employ different sequential strategies. Solid-
Gen [Jayaraman et al. 2023] tokenizes the B-rep into a sequence of
geometric and topological elements, employing three Transformer
models to autoregressively predict them. BrepGen [Xu et al. 2024]
leverages a structured latent space to represent the B-rep hierarchy,
using diffusion models to generate the geometric and topological
features. DTGBrepGen [Li et al. 2025a] explicitly decouples the gen-
eration of topology and geometry to reduce complexity. However,
these sequential pipelines suffer from severe error accumulation,
especially when modeling complex topology graphs, frequently re-
sulting in invalid or broken B-reps. Recent single-stage unified pre-
dictors, including HoLa [Liu et al. 2025], AutoBrep [Xu et al. 2025],
and BrepGPT [Li et al. 2025d], aim to mitigate this by predicting the
entire B-rep structure in a more holistic manner. Nevertheless, they
still face the fundamental challenge of modeling variable-length se-
quences to accommodate the varying cardinality of B-rep elements,
which complicates the optimization landscape and fails to guarantee
topological validity, often resulting in non-watertight models.

2.3 Mesh Generation

In contrast to the discrete struggles of B-rep generation, mesh gener-
ation has seen rapid progress driven by continuous representations.
Various continuous representations have been explored to facili-
tate robust modeling. Latent-based approaches like VecSet [Zhang
et al. 2023] and TRELLIS [Xiang et al. 2025] encode shapes into
structured latent codes for scalable generation. Meanwhile, meth-
ods such as CraftsMan [Li et al. 2025b], DoRA [Chen et al. 2025],
Hunyuan3D [Zhao et al. 2025], and TripoSR [Tochilkin et al. 2024]
leverage powerful neural fields or VAEs to achieve high-fidelity
generation. Sparse voxel is also utilized by XCube [Ren et al. 2024]
and Sparc3D [Li et al. 2025¢] for efficient high-resolution modeling.
These representations are resolution-independent and naturally dif-
ferentiable, making them exceptionally easy to model with neural
networks. Inspired by the success of these continuous approaches,
we propose to bridge the gap between B-rep and mesh learning. We
introduce a dual-field representation that captures the precision of
B-rep topology within a continuous Euclidean domain, allowing for
robust learning and generation of complex CAD models.

3 Method
3.1 Dual-Field Representation

B-rep Preliminaries. A standard Boundary Representation (B-rep)
model B = (V,E, F, T) defines a solid via a hierarchy of geometric
and topological elements: vertices V, edges & (parametric curves),
faces F (parametric surfaces), and a topology graph 7. The graph 7~
encodes connectivity, specifically the face-to-edge incidences 77—,
(defining trimming loops) and edge-to-vertex incidences 7,_,,. For
the purpose of neural generation, explicitly modeling the full tuple
is redundant. Our framework focuses on recovering the minimal
sufficient set: the surfaces ¥, the curves &, and the face-to-edge
connectivity 77_,.. Derivative elements, such as vertices V and
edge-to-vertex connectivity 7,_,,, can be inferred deterministically
from curve intersections once the primary structure is established.

DualBrep : A Dual-Field Continuous Representation for B-rep Modelling « 3

To unify the heterogeneous analytical primitives (e.g., B-splines,
planes, cylinders) typically found in # and &, we adopt a consistent
structured discretization [Jayaraman et al. 2021; Lambourne et al.
2021; Xu et al. 2024]. Each face f; € F is represented as a regular
geometry grid G, € RM*M<3 generated by uniformly sampling
the surface within its parametric bounds [#min, Umax] X [Umin, Umax]-
Similarly, each edge e; € & is sampled into a linear grid C; €
RMX3 where M is the number of sample points (set to 16 in all our
experiments).

Continuous Dual-Field Formulation. As shown in Fig. 1, to cir-
cumvent the optimization difficulties inherent to discrete topology
graphs, we map the B-rep entirely into the continuous Euclidean
domain. Our key insight is that a B-rep can be fundamentally viewed
as a watertight geometric hull that is partitioned into distinct re-
gions (faces). We capture this duality by encoding the model into
two complementary scalar fields—one representing the geometry
and the other representing the structural boundaries (topology).

Geometry field. We use a standard Signed Distance Function S :
R3 — R to capture the global shape. Its zero-level set, S(p) = 0,
defines the continuous, watertight hull of the object, ignoring the
internal segmentation of faces.

Topology Field (GVD). This is the critical component that recovers
the B-rep structure. In a B-rep, topological edges exist exactly where
two distinct surfaces meet. We capture this relationship volumetri-
cally using the Generalized Voronoi Diagram (GVD). Conceptually,
the GVD partitions the ambient 3D space into "Voronoi cells," where
every point in a cell is uniquely closest to a single B-rep face f;. The
boundaries between these cells form continuous "medial sheets" in
3D space. We encode these sheets as an Unsigned Distance Field
(UDF) U : R® — R, where U(p) gives the distance from point p to
the nearest point on the GVD surface.

Why this representation. The power of this formulation lies in the
intersection of these fields. The SDF defines where the surface exists,
while the GVD defines where the surface identity changes.

e S(p) = 0: The point lies on the object surface.

e U(p) ~ 0: The point is equidistant to multiple faces (i.e., it

lies on a medial sheet or edge).

Therefore, the superposition of S and U provides a complete defi-
nition of the B-rep: the SDF recovers the geometry, and the GVD
implicitly "cuts" this geometry into the correct topological patches.
This allows us to learn complex topologies without needing to pre-
dict discrete adjacency matrices or handle the variable cardinality
of faces, as the GVD naturally adapts to any number of partitions.

3.2 Dual-Field Variational Autoencoder

We employ a Variational Autoencoder (VAE) to compress this dual-
field representation into a single, compact latent space. Inspired
by recent neural field architectures [Chen et al. 2025; Zhang et al.
2023], we design a Perceiver-style encoder that uses cross-attention
to aggregate multi-modal inputs, as illustrated in Fig. 2.

Input Representation. To capture high-frequency details, we sam-
ple three point sets as input: (i) Surface points $5 from the shape
geometry (Ny = 32,768); (ii) Edge points $, along B-rep curves
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Fig. 2. Architecture of the VAE. A Perceiver-style encoder fuses surface, edge, and Voronoi point features into a shared latent representation using cross-attention
operation. Then cross-attention—-based decoder queries this latent code to reconstruct the shape (SDF) and GVD of the B-rep faces (UDF), providing a unified and

differentiable representation of B-rep geometry and topology.

(Ne = 32,768); and (iii) Voronoi points P, from the GVD sheets
(N, = 32,768). These sets collectively describe the surface, the sharp
features, and the topological boundaries.

Encoder Architecture. The encoder maps these inputs to a latent
embedding Z € RK*P, with sequence length K = 2048 and dimen-
sion D = 32 (split into mean and log-variance). We first embed the
spatial coordinates of each set P, (m € {s, e,v}) using a shared MLP
with a shared sinusoidal positional encodings y(-):

Fin = MLPin(y(p)) | p € Prm. (1)

To form the latent bottleneck, we select K anchor points from P
via Farthest Point Sampling to serve as queries Q. To disentangle
the contributions of geometry and topology, the queries attend to
each input modality individually via cross-attention:

H,, = CrossAttn(Q,F,,), m € {s,e,v}. 2)

These modality-specific features are fused via a weighted sum and re-
fined via self-attention layers to enable global information exchange,
before being projected to the variational parameters g, log o2 as the
latent distribution Z ~ N'(p, o).

Decoder Architecture. The decoder acts as an implicit neural func-
tion. Given a query coordinate x € R3, we extract local context by
attending to the sampled latent codes z ~ N'(p, 0):

h, = CrossAttn(MLP4(y(x)), z). 3)

After a set of self-attention layers, two separate MLP heads then

regress the field values: §(x) = MLPspr(hy) and 21(x) = MLPypr (hy).

Training Objectives. We train the VAE end-to-end using a hybrid
sampling strategy for query points x, drawing from the bound-
ing volume, near-surface regions, and near-edge regions in a 1:1:2
ratio [Chen et al. 2025]. The loss function is the sum of L; recon-
struction loss and KL regularization terms with a weight of 0.001.
The VAE is ~250M parameters, consisting of 16 and 8 self-attention
layers in the encoder and decoder respectively. Each layer has 8
attention heads and a hidden dimension of 1024.

Deterministic Mode for Reverse Engineering. For the task of re-
verse engineering (reconstructing B-reps from raw point clouds),
we adapt the VAE into a deterministic autoencoder and train the
model from scratch. We mask out the edge and Voronoi inputs
(Pe, Py) and set the weight of KL loss to 0. This forces the encoder
to infer the complete dual-field structure—including topological
segmentation—solely from the surface geometry P.

3.3 Latent Flow Matching for Generation

To enable scalable and controllable generation, we train a conditional
Flow Matching [Lipman et al. 2023] model over the latent space Z.

Unified Geometric Conditioning. While our framework is agnostic
to the conditioning modality ¢, we prioritize point clouds as a pri-
mary modality due to their widespread availability and adoption.
We encode point cloud conditions using a Perceiver-style encoder
similar to our VAE, aggregating features from N, = 1024 seed points.
Motivated by its potential for future editing applications, we also
include results for native single-view image generation, where the
conditional signal is obtained by a pre-trained DINOv2 [Oquab et al.
2023] ViT. Other modalities (e.g., text embeddings from LLMs) can
be similarly integrated.

Architecture and Inference. We implement the flow matching
model using a Diffusion Transformer (DiT) [Peebles and Xie 2022]
adapted for set-structured latents (16 layers, 1024 dim, ~300M pa-
rameters). Conditioning is injected via cross-attention, and time
t modulates features via Adaptive Layer Norm (AdaLN). During
inference, we solve the ODE using the Euler method (50 steps) to
obtain Z. This code is decoded into dual fields S and U. We extract
the surface mesh via Marching Cubes on S and segment it into
a segmented mesh Mz via region growing constrained by the
boundaries in U.
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Fig. 3. Architecture of the learned rebuilder. Segmented face patches are encoded into patch-level features and processed by global self-attention to capture
topological context. For each patch, the network predicts parametric surface grids, adjacency relationships, and UV-space trimming curves, which are then assembled

into a watertight B-rep model.

3.4 Learned B-rep Rebuilder

The final component is a learned rebuilder that converts the explicit
segmented mesh Mg into an analytical B-rep. Unlike heuristic fit-
ting methods [Liu et al. 2024a], our neural rebuilder directly predicts
parametric structures, offering robustness to noise and support for
free-form surfaces.

Problem Formulation. Given N disjoint face patches {P1, ..., Pn}
from the segmented mesh M;,, the rebuilder predicts: (i) Surface
Geometry: A structured grid Gy, for each patch; (ii) Topology: An ad-
jacency matrix A € {0, 1}N*N; (iii) Trim Curves: For each connected
pair (i, j), a parametric curve C;; defining the shared boundary.

Feature Encoding. We represent each patch #; by sampling N,, =
100 points (positions and normals). A lightweight Perceiver-style
encoder maps these points to a patch feature vector hl(<0) € R4X256,
where 4 is the number of subsampled seed points per patch and
256 is the feature dimension. To capture topological context, these

features are processed by a global self-attention module:

[hy, ..., hy] = SelfAttn([b",...,h{]), (4)
where h; € R*?% is the refined feature for patch .

Surface Geometry Head. This head reconstructs the parametric
surface geometry. For each patch, we first reshape the learned fea-
ture tokens hy € R**% into a spatial feature map of size 2 X 2 X 256.
This feature map is progressively upsampled via a sequence of 2D
transposed convolution blocks (ConvIranspose — ReLU — Batch-
Norm) to resolutions 4%, 82 and finally 16%:

Gy, = ConvTranspose,p, (Reshape(hy, [2,2, 256])) € R!**163_ (5)

The output grid Gy represents 3D control points sampled uniformly
in the patch’s UV parameter domain, which are subsequently used
to fit the final B-spline surface.

Edge and Trim Prediction. To determine connectivity and bound-
aries between two patches i and j, we first construct an edge feature
by concatenating their token sequences: e;; = [h;;h;] € R8¢,
This feature is flattened to a vector of size 2048 and processed by
an MLP to predict the adjacency probability d;;. For active edges
(@i > 0.5), we regress the trim curve. Unlike prior works [Liu et al.
2025; Xu et al. 2024] that predict curves in 3D Euclidean space, we

predict the curve in the 2D UV domain of its corresponding surface
to ensure consistency with the surface parameterization. The flat-
tened feature is projected and reshaped into a 1D sequence, then
progressively upsampled via 1D transposed convolutions to produce
the final curve C;; € R16%2:

Ci; = ConvTranspose,, (MLPp,;(Flatten(e;;))). 6)

Canonicalization Strategy. A key challenge is the ambiguity of
UV mappings (e.g., arbitrary rotation). We enforce a canonical pose
during training: for every ground-truth surface, we sort the sam-
pled points lexicographically (ZYX) and define the point with the
minimum value as the UV origin. This ensures the network learns a
pose-invariant parameterization.

B-rep Rebuilding. Similar to previous works [Liu et al. 2025; Xu
et al. 2024], the final B-rep is assembled deterministically: (i) B-spline
surfaces are fitted to the predicted grids Gy; (ii) Predicted 2D trim
points C;; are projected onto these surfaces to form 3D edges; (iii)
The topology graph is built from the predicted adjacency matrix A,
and the model is stitched using a standard CAD kernel.

4 Results

We validate DualBrep primarily as a robust backbone for determin-
istic reverse engineering—converting raw, noisy point clouds into
watertight, editable CAD models. Additionally, we demonstrate that
our unified latent representation constructs a high-quality mani-
fold for generative tasks, enabling multi-modal synthesis via flow
matching.

4.1 Experimental Setup

To evaluate the proposed DualBrep framework, we treat it as the
backbone model on point cloud to B-rep reverse engineering tasks.
We conduct experiments on the ABC dataset [Koch et al. 2019b],
which contains a large collection of CAD models with correspond-
ing B-rep representations. To include more diverse and complex
CAD models, we use the complete ABC dataset instead of the Deep-
CAD [Wu et al. 2021] subset, filtering out models that are too simple
(i.e., consisting of less than 10 faces) or too complex (consisting of
more than 100 faces or multiple solids) and duplicated samples. After

536

559

561
562
563
564
565
566
567
568
569

570



571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591

600
601
602
603
604
605
606
607
608
609
610
611
612
613

614

616
617
618
619
620
621
622
623
624
625
626

627

6 « Anon. Submission Id: 295

Table 1. Quantitative comparison of point cloud to B-rep reconstruction on ABC dataset. We report the number of predicted primitives versus GT primitives,
Chamfer Distance (CD, lower is better) for geometric accuracy, F1-score (%) for primitive detection accuracy and topological correctness, and overall validity

rate (%). Best results are in bold, second best are underlined.

Method Primitive Count (#) Geometric Accuracy (CD ) Primitive F1-score (%) T Topology F1-score (%) T Validity
Surface Edge Vertex | Surface Edge  Vertex | Surface Edge  Vertex | Face-Edge Edge-Vertex | Rate (%) T
SEDNet+Point2CAD | 7.9/19.2 18.2/48  12.7/31.5 | 0.0259  0.0336 0.1499 48.68%  45.01% 41.21% 40.87% 33.65% /
NVDNet 22.8/19.2  67.7/48  53.2/31.5 | 0.0142 0.0059 0.0301 | 83.70% 78.48% 71.92% 80.84% 74.27% /
HoLa-BRep 16.0/19.2  44.5/48 29.7/31.5 | 0.0211  0.0329 0.0750 79.33%  71.65%  65.08% 68.81% 66.41% 73.98%
Oursgen 19.3/19.2 55.8/48  40.2/31.5 | 0.0157  0.0133 0.0247 77.18%  86.68%  81.33% 70.31% 84.91% 69.49%
Oursecon 19.3/19.2 53.9/48 37.6/31.5 | 0.0156  0.0129  0.0203 | 81.98% 89.87% 84.74% 76.36% 88.17% 76.34%
0.035 SedNet* (CD) e Primitive accuracy: In addition to geometric accuracy that
— e €
—— NVDNet* (CD) measures the global shape similarity, we also evaluate how
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(b) Validity vs. shape complexity

Fig. 4. Reconstruction performance vs. shape complexity. We ana-
lyze how the reconstruction performance of different methods varies with
shape complexity, measured by the number of faces in the B-rep model. Top:
Chamfer Distance (lower is better) vs. number of faces. Bottom: Validity rate
(higher is better) vs. number of faces. Our DualBrep framework maintains
stable performance across different shape complexities, outperforming base-
line methods in both geometric accuracy and validity, especially for complex
shapes with many faces. Note that curves are interpolating B-splines of
degree 3 fit to the data.

filtering, we obtain a dataset of 80k CAD models, where 4k models
are used for testing and the rest are for training and validation.

Metrics. Following prior works [Liu et al. 2024a, 2025], we evalu-
ate the performance of our method using the following metrics:

o Geometric accuracy: We use Chamfer Distance to measure

the geometric accuracy of the reconstructed B-rep surface,

edges and vertices against their ground truth counterparts.

the parametric primitives are grouped to form the final B-rep
structure. We measure the detection-based scores including
precision, recall, and F1-score for each primitive type (sur-
faces, edges, vertices).

o Topological accuracy: We evaluate the correctness of the
predicted B-rep topology by comparing the predicted and
ground truth adjacency matrices of B-rep elements (faces,
edges, vertices). We report the accuracy, precision, recall,
and F1-score for each adjacency matrix.

o Validity: We also report the percentage of valid B-rep models
among all reconstructed models, where a valid B-rep model
is defined as one that satisfies the topological and geometric
constraints of a well-formed B-rep [Xu et al. 2024].

Baselines. We compare our DualBrep framework with several
state-of-the-art methods for point cloud to B-rep reconstruction,
including segmentation based methods (SEDNet+Point2CAD [Li
et al. 2023; Liu et al. 2024b]), voronoi-based method (NVDNet [Liu
et al. 2024a]), and generative methods which have point cloud as an
input condition [Liu et al. 2025].

4.2 Reverse Engineering

Table 1 summarizes the performance on the point cloud to B-rep
reconstruction task. DualBrep outperforms baseline methods across
the majority of metrics, achieving a notable validity ratio of 76.34%.
This result validates our core hypothesis: compressing geometry
and topology into a unified latent space efficiently enforces their
alignment, significantly surpassing segmentation-based approaches
that treat them separately.

While NVDNet achieves a marginally lower Chamfer Distance, it
optimizes for raw point-to-surface distance without guaranteeing
structural integrity. Lacking explicit UV parameterization, NVDNet
is restricted to fitting standard prismatic primitives and relies on
alpha-shapes for trimming—a heuristic that frequently yields non-
watertight models incompatible with CAD software. In contrast,
DualBrep explicitly models UV grids for both faces and edges. This
allows us to recover intricate edge loops and vertex relationships
with superior accuracy. Consequently, although our raw Chamfer
distance is slightly higher, our framework delivers models that are
topologically valid and engineering-ready, rather than just geomet-
rically close clouds of surfaces.
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We further investigated how performance degrades as shape com-
plexity increases (Fig. 4). Discrete methods like HoLa struggle due to
the combinatorial explosion of the topological search space. Directly
predicting discrete adjacency graphs becomes exponentially diffi-
cult as the number of faces grows, making it hard to ensure global
validity. Conversely, Voronoi-based methods—both NVDNet and Du-
alBrep —maintain stable performance regardless of face count due
to their continuous field representation. However, DualBrep distin-
guishes itself by combining this scalability with global consistency.
Unlike NVDNet, which relies solely on local cues and often produces
disjointed elements, our global dual-field backbone ensures struc-
tural coherence for both B-rep faces and edges. As shown in Fig. 7,
our method faithfully reconstructs intricate details—such as free-
form surfaces, gears with 20+ teeth, and thin-walled frames—where
baselines often fail.

Finally, we report results for the generative variant of DualBrep
trained via latent flow matching. Interestingly, this model yields
slightly lower reconstruction metrics than the deterministic version.
We attribute this to the nature of reverse engineering, which is
an inherently one-to-one mapping task; the stochasticity of a gen-
erative model can introduce plausible variations that, while valid,
strictly deviate from the specific ground truth instance. Nevertheless,
its competitive performance confirms the robustness of our latent
space, demonstrating its potential for broader CAD generation tasks
beyond direct reconstruction.

4.3 Native Image-to-B-rep Generation

Beyond deterministic reconstruction, we demonstrate the versatility
of our latent representation by training a Latent Flow Matching
model for image-based conditional generation. As shown in Fig. 4.3,
our model successfully generates watertight B-rep assemblies di-
rectly from single-view RGB images. Unlike deterministic reverse
engineering, which optimizes for a single solution, this generative
approach learns the conditional distribution, allowing it to halluci-
nate plausible missing details in occluded regions while respecting
the global structure of the input. Crucially, the generated models
maintain high topological validity and geometric fidelity, effectively
handling complex features such as free-form curvature and intricate
mechanical details.

Fig. 5. Failure cases and limitations. While we showed cases with nar-
row or thin structures can be handled well by our DualBrep framework,
extremely thin features may still be lost during the segmentation, leading
to invalid B-rep models.

DualBrep : A Dual-Field Continuous Representation for B-rep Modelling « 7

4.4 Limitations and Failure Cases

Despite the robustness of our unified continuous representation,
several limitations remain. First, as with any volumetric approach,
our method is constrained by the grid resolution of the latent fields.
Extremely thin geometric features or high-frequency topological
details that fall below the sampling rate may be aliased or lost en-
tirely. As illustrated in Fig. 5, this resolution bottleneck can cause
thin-walled structures to vanish or inadvertently merge with adja-
cent regions during the GVD segmentation, leading to topological
validity failures in the final model. Second, while the predicted con-
tinuous fields are generally consistent, the final extraction of explicit
B-reps relies on a neural rebuilder. In rare cases involving complex
intersections, this discretization step may still fail to stitch patches
perfectly, resulting in minor non-watertight artifacts. Future work
could mitigate these issues by incorporating adaptive octree sam-
pling or hybrid explicit-implicit representations [Li et al. 2025c],
effectively decoupling fine-scale feature preservation from global
grid resolution.

5 Conclusion

We introduce DualBrep, a paradigm shift in B-rep learning that
reframes the representation from discrete combinatorial graphs
to continuous scalar fields. Our approach compresses geometry
and topology into a single latent representation, decoded into dual
fields: a Signed Distance Function (SDF) for watertight geometry
and an Unsigned Distance Field (UDF) derived from the General-
ized Voronoi Diagram for topological segmentation. By deferring
discrete decisions until continuous fields are established, DualBrep
avoids the error accumulation and optimization challenges inherent
to discrete tokenization, enabling the network to learn complex
shape distributions without worrying about combinatorial validity.
Through extensive experiments across reverse engineering and con-
ditional diffusion, we demonstrate that continuous representations
provide a robust backbone for B-rep modeling.

The continuous dual-field paradigm opens promising avenues
beyond generative modeling. A natural extension is to incorporate
physics-based simulations—such as finite element analysis, compu-
tational fluid dynamics, or mechanical stress testing—directly into
the learning pipeline, as these applications inherently operate on
continuous representations. The differentiable nature of our field
formulation enables end-to-end optimization toward simulation
objectives, potentially allowing networks to learn manufacturable,
structurally sound designs that satisfy both geometric and physical
constraints. Similarly, extending to other engineering domains that
rely on continuous field representations, such as thermal analysis or
electromagnetic simulation, could enable holistic CAD intelligence
that reasons about form, function, and performance simultaneously.
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Fig. 6. Point cloud to B-rep reconstruction gallery. We showcase diverse reconstruction results from our deterministic DualBrepyecon across various CAD
model categories, including shapes with free-form surfaces, mechanical parts with intricate details and thin-walled structures.
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Fig. 7. Qualitative comparison on point cloud to B-rep reconstruction. We compare our DualBrepecon With baseline methods on various CAD models.

From left to right: ground truth B-rep, DualBrep (Ours) HoLa, NVDNet and SEDNet+Point2CAD. Our method produces more accurate surface segmentation
and better preserves geometric details while maintaining topological validity, even on complex shapes like gears with 20+ teeth or mechanical parts with
numerous holes and cutouts.

Image DualBrep (ours) Image DualBrep (ours) Image DualBrep (ours)  Pointcloud  DualBrep (ours)  Point cloud DualBrep (ours)  Point cloud DualBrep (ours)

¢ (s &

Fig. 8. Native conditional generation. Single view image or point cloud can be injected as conditions to our latent flow matching model DualBrepge, for
direct B-rep generation. We show various results of point cloud to B-rep generation (right) and image to B-rep generation (left).
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