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Abstract. Boundary representations (B-Reps) are fundamental to com-
puter aided design (CAD), as they encode editable parametric surfaces
together with the precise topological structure required by downstream
engineering workflows. In contrast, modern 3D generative models pro-
duce meshes or implicit fields, leaving a gap between high-quality geom-
etry synthesis and CAD-native representations. Existing reconstruction
pipelines treat B-Rep recovery as deterministic segmentation and fit-
ting on discrete samples, despite the inherent ambiguity of CAD-style
face decompositions, often resulting in unstable topology recovery. We
introduce BRepFacetGen, a generative framework that formulates CAD
structure inference as a latent variable problem conditioned on geometry
representing continuous surfaces. Our representation couples a pretrained
geometry latent set with a geometry-conditioned label latent space that
models multiple plausible dense surface segmentations, naturally han-
dling permutation ambiguity and structural non-uniqueness. Joint de-
coding yields a faceted mesh where each segment maps to a B-Rep face
that can be recovered by surface fitting and topology reconstruction. Ex-
periments show improved segmentation and more reliable downstream
B-Rep recovery, as well as strong performance in image-conditioned and
point-conditioned B-Rep generation.
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1 Introduction

Computer-aided design (CAD) models underpin modern engineering because
they encode not only geometry, but structured, editable parametric surfaces with
exact topology using boundary representations [46] (B-Reps), that downstream
tools for editing, simulation and manufacturing critically rely on. Meanwhile,
learning-based 3D generative models have made remarkable progress in synthe-
sizing high-quality geometry from diverse inputs such as images and text. How-
ever, their outputs are typically meshes or implicit fields [27,49], which lack the
parametric surfaces and exact topology required for engineering workflows. Con-
sequently, today’s powerful 3D generative models remain largely disconnected
from CAD-native design pipelines.
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Bridging this gap is often framed as a reverse-engineering problem: given
discrete geometry, recover a valid B-Rep through segmentation, surface fitting,
and topology reconstruction. Existing approaches [24, 40, 56] largely treat this
as a deterministic prediction task, operating on resolution-limited point samples
and committing to a single face decomposition. Yet CAD-style decompositions
are inherently ambiguous since multiple valid segmentations can correspond to
the same geometry, and discretized predictions on points frequently destabilize
topology recovery. These limitations make current methods brittle and difficult
to integrate with modern generative models.

In this work, we introduce BRepFacetGen and argue that CAD structure in-
ference should be treated as a generative problem on continuous surfaces. Rather
than deterministically predicting a single segmentation on discrete point clouds,
we model CAD-style face decomposition as a latent variable conditioned on ge-
ometry. This separates geometry synthesis from structural reasoning and allows
multiple plausible CAD interpretations of the same shape. Moreover, predict-
ing segmentation densely over the surface yields well-supported, high-resolution
patches, which stabilize subsequent surface fitting and topology recovery.

Concretely, we represent each CAD object with two coupled components:
(i) a geometry latent set produced by a strong pretrained 3D geometry prior,
and (ii) a label latent set space that encodes multiple plausible dense face seg-
mentations, handling permutation ambiguity and structural non-uniqueness. De-
coding both latent sets jointly produces a segmented mesh, which serves as an
interface to classical surface fitting, intersection, and trimming to reconstruct
a B-Rep. Finally, to support upstream generative pipelines that provide only
geometry latent sets, e.g., point- or image-conditioned generation, we train a
geometry-conditioned generator to sample compatible label latent sets, enabling
CAD-structure decoding across input modalities.

Our results demonstrate that treating CAD reconstruction as generative
rather than purely predictive, leads to more robust segmentation and improved
downstream B-Rep recovery, enabling CAD-ready synthesis from modern 3D pri-
ors. We make the following contributions in this paper: (i) A generative CAD
representation that combines pretrained geometry latent sets with a geometry-
conditioned distribution over label latent sets, leveraging strong geometry pri-
ors while modeling CAD structure. (ii) Label-latent learning that captures
multiple plausible dense face decompositions, resolving permutation ambiguity
and structural non-uniqueness. (iii) A geometry-conditioned generator that
produces compatible label latents from geometry ones, enabling both point- and
image-conditioned generation. Strong empirical results show improved point-
cloud segmentation and downstream B-Rep reconstruction, as well as superior
performance in the image-conditioned settings.

2 Related Work

Generative models for B-Rep. CAD generative modeling broadly follows
two paradigms: construction sequence–based generation and direct B-Rep syn-
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thesis. Program-based approaches represent CAD models as procedural com-
mand sequences rather than explicit topology. DeepCAD [47] first modeled
sketch–extrude programs using Transformers, followed by SkexGen [55] and
HNC-CAD [53], which improved controllability through disentangled or hierar-
chical representations. Recent works bridge language and CAD programs, includ-
ing Text2CAD [18], CADmium [11], CAD-Coder [6], and Text-to-CadQuery [50],
while methods such as CADOps-Net [7], eCAD-Net [58], and CADCL [31] re-
cover operation sequences from final B-Reps to restore parametric editability.
Although these approaches provide strong semantic structure and controlla-
bility, they are fundamentally constrained by the scarcity of large-scale con-
struction sequence datasets for complex models. In contrast, direct B-Rep gen-
eration synthesizes native topology and geometry without modeling histories.
SolidGen [17] first generated explicit vertices, edges, and faces, though limited
to simple primitives. Subsequent methods improved representation and scala-
bility: BrepGen [54] introduced hierarchical latent diffusion for structured free-
form generation; NeuroNURBS [8] leveraged compact NURBS parameteriza-
tions for faster post-processing; DTGBrepGen [23] decoupled topology and ge-
ometry for improved validity; BrepDiff [22] proposed a single-stage diffusion
model with implicit edge encoding; HoLa [34] learned a holistic latent space of
geometry and topology; and autoregressive approaches such as AutoBrep [52]
and BrepGPT [25] replaced continuous representations with discrete tokens and
structured graph traversal for compact, consistent part-level synthesis. CAD-
Dreamer [28] reconstructs a neural SDF from an image, extracts a mesh, seg-
ments it, and then fits B-Reps. Recently, BR-DF [59] proposed generating B-
Reps using signed and unsigned distance fields that can be used to produce a
segmented mesh. Different from these methods, we leverage pretrained 3D foun-
dation models for geometry generation and focus our efforts on segmenting the
geometry into B-Rep faces.

Segmentation-driven B-Rep reconstruction. Classical segmentation-driven
reconstruction typically partitions a point cloud into smooth regions, fits ana-
lytic/spline surfaces per region, and recovers B-Rep topology via intersections
and trimming of adjacent surfaces [1,20,41,44]. Learning-based methods largely
mirror this workflow by predicting point-cloud instance segmentations to drive
downstream fitting [5, 9, 10, 15, 24, 29, 40, 56], while Point2CAD [35] fits a para-
metric surface per segment (including free-form patches) and assembles a B-Rep
by deriving edges and corners from intersections of adjacent surfaces. Because
boundaries and geometry are inferred from discrete samples, reconstruction fi-
delity is often limited by sampling resolution, especially near sharp transitions
and segment boundaries; we instead define segmentation on the mesh surface to
enable high-resolution sampling for subsequent fitting.

3D foundation models. Learned 3D generative modeling has rapidly ex-
panded across shape representations, including voxels/octrees [45, 51, 61], point
clouds [26, 37, 43], meshes [42], and implicit fields [4, 16, 57]. Building on these
advances, 3D foundation models scale model capacity and training data to learn
general-purpose 3D priors that transfer across tasks and input modalities, often
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with multi-modal conditioning for text-to-3D [39, 49], image-to-3D [14, 27, 30,
39, 48, 49, 60], and representation conversion, e.g., point cloud to mesh [2, 3, 13].
However, their outputs are typically discretized meshes or implicits and thus do
not directly provide CAD-native representations with explicit parametric sur-
faces and trimming curves; we aim to bridge this gap by lifting strong 3D priors
toward B-Rep generation for CAD-ready, multi-modal synthesis.

3 Method

In this work, our goal is to learn to generate/reconstruct B-Reps by leveraging
3D foundation models for the overall geometry, followed by a segmentation of
the geometry into disjoint B-Rep faces that can be fitted in post-process. We
first reuse a frozen pre-trained 3D foundation model to encode the shape into a
geometry latent set Zg and decode it into a mesh (Section 3.1). Second, we learn a
label latent space: a probabilistic latent set Z‘ based on the geometry that can be
sampled and decoded into dense face-instance labels on the surface (Section 3.2).
Decoding (Zg;Z‘) yields a segmented mesh, which serves as the interface to
classical segment-fit-assemble post-processing for recovering a processed B-Rep
(Section 3.3). Finally, because in the generative settings only Zg is available
(without paired ground-truth label latent sets), we train a geometry-conditioned
generator to model p�(Z‘ j Zg), enabling consistent segmentation decoding for
geometry latent sets produced by different sources (Section 3.4).

3.1 Preliminary

To obtain the geometry latent set Zg of a B-Rep, we adopt the latent vector set
representation [57] to encode a surface point cloud of it into a compact set of
latent vectors, and decode it as a continuous signed-distance field (SDF) that can
be meshed via marching cubes. Concretely, we first sample a dense surface point
set with normals X = f(xi;ni)gNi=1, where xi 2 R3 and ni 2 R3. Let �(�) be a
positional embedding; we form per-point features pgi = MLP

�
[�(xi);ni]

�
2 RC

and stack them as Pg = [pg1; : : : ;p
g
N ]> 2 RN�C .

Surface points encoding. To compress X into M � N latent vectors, we
subsampleM per-point features by farthest-point sampling (FPS) on coordinates
and gather their corresponding features as P0g 2 RM�C . We can then initialize
the latent set via a cross-attention layer:

Zenc
g = Attn

�
P0g; Pg; Pg

�
2 RM�C ; (1)

where Attn(�; �; �) is the standard attention operator, and followed by Lenc self-
attention blocks on the latent set to exchange information:

~Zg = SALenc
�
Zenc
g

�
2 RM�C : (2)

Here SA(�) denotes a standard Attention block operating on the latent set with
query, key and value as arguments, and SAL(�) stacks L such blocks.
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Fig. 1: Label latent space. Given dense surface samples X , a frozen geometry en-
coder produces a pre-variational geometry latent set ~Zg (red) and a mesh M via the
geometry decoder. Conditioned on ~Zg, a label VAE (blue) encodes dense face-instance
labels Y into a space over label latent sets, q(Zℓ j ~Zg). During training, we randomly
permute instance IDs, e.g., YΠ, to reflect the permutation ambiguity of segmentation
labels, so that equivalent relabelings map to valid samples in the same geometry-
conditioned latent space. At inference, sampling Zℓ (blue) and decoding it on the mesh
yields a segmented mesh; different samples can produce distinct, geometry-consistent
segmentations (segmented meshes 1–3).

We refer to ~Zg as a pre-variational latent set. To obtain the geometry latent
set Zg, we map ~Zg to per-latent Gaussian parameters and sample:

µg = MLP�(~Zg); logσ2
g = MLP�(~Zg);

Zg = µg + σg � ϵ; ϵ � N (0; I):
(3)

Decoding SDF by querying the geometry latent set. Given query loca-
tions x 2 R3, the decoder first refines Zg with Ldec self-attention blocks, and
then uses cross-attention from query embeddings to the latent set to predict
SDF values:

Zdec
g = Dec(Zg) = SALdec(Zg);

s(x) = MLP
�

Attn(�(x);Zdec
g ;Zdec

g )
�
;

(4)

where s(x) is the (truncated) signed distance at x. Evaluating s(�) on a 3D grid
and extracting the zero level-set, e.g., via marching cubes, yields a mesh M.

Geometry backbone. We consider the above as a geometry VAE in our for-
mulation and implement it using a pre-trained TripoSG VAE model [27], which
can decode the geometry component of the B-Rep. Note that we freeze the Tri-
poSG encoder/decoder weights and only reuse the pre-variational latent set as
the geometry context for our label VAE (detailed in the next section). Following
the motivation in TripoSG, which posits that denser surface sampling improves
the encoded geometric content, we feed N=16;384 surface points to the encoder.
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3.2 Label Latent Space

Although the geometry latent set Zg can be decoded into a high-quality mesh,
it only captures shape geometry and does not provide the CAD-style structure
needed for B-Rep reconstruction. To recover a B-Rep, we require an additional
surface-level segmentation that partitions the mesh into face-like patches. How-
ever, predicting such a segmentation is challenging due to two reasons: (1) Per-
mutation ambiguity: segmentation labels are discrete (one-hot), and the same
partition admits many equivalent label permutations, making supervision and
label alignment across shapes di�cult (See segmented meshes 1 & 2 in Figure 1).
(2) Non-uniqueness: a given mesh can admit multiple valid decompositions into
CAD faces, e.g., di�erent plausible patch groupings can still yield reasonable B-
Reps, making the learning target underdetermined (see segmented meshes 1 & 3
in Figure 1). Existing segmentation-driven pipelines [5,9,10,15,24,29,40,56] typ-
ically resolve permutation ambiguity using Hungarian matching [21] or feature
clustering, but both introduce non-trivial complexity and can be brittle around
boundaries. Moreover, when multiple decompositions are plausible, these meth-
ods often fail to model segmentation uncertainty.

Construction of Label Latent Space. To explicitly account for these ambi-
guities, we do not treat the segmentation as a deterministic prediction with a
�xed label ordering. Instead, we introduce an label VAE that can encode multi-
ple plausible segmentations into a probabilistic latent space q(Z̀ j ~Zg) over label
latent sets (as shown in Figure 1 (left)) given the geometry context~Zg.

In practice, let Y = [y 1; : : : ; yN ]> 2 f0; 1g N�K be the one-hot face-instance
labels on the N sampled surface points, where Y and Y� (for any permuta-
tion matrix �) represent the same partition. We encode labels by mirroring
Section 3.1: we replace ni with y i to form P ` from p `

i = MLP
�
[�(x i ); y i ]

�
, and

apply the same subsampling and self-attention re�nement (Eq. (1)�(2)) to ob-
tain the initial pre-variational latent set ~Z ` . Next, we inject geometric context
by cross-attending ~Z ` to the frozen geometry pre-variational latent set ~Zg to
produce a re�ned pre-variational latent set Ẑ ` :

Ẑ ` = Attn
�

~Z ` ; ~Zg; ~Zg

�
: (5)

We can then sample the �nal label latent set Z` as in Eq. (3).

Given a set of training query surface locations Q = fq j gN q
j=1 , we decode the

label latents by following the same query-based decoding procedure as Eq. (4),
but replacing the SDF regressor with a multiclass classi�er. We supervise the
decoder using a standard cross-entropy loss against the corresponding one-hot
ground-truth labels (with the same label permutation applied when forming Y)
together with a KL regularization loss. Note that when the actual label count
K active in the shape is smaller than K, we will only employ a random permutation
matrix that acts on the �rst K active columns of Y .
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3.3 B-Rep Decoding

Decoding of Segmented Meshes. Given a geometry latent set Z g and a
compatible label latent set Z` , we decode a segmented mesh as illustrated in
Figure 1 (right). We �rst run the frozen geometry decoder to evaluate the SDF
on a regular 3D grid, and extract the zero level-set with marching cubes [36] to
obtain a triangle mesh M. Next, we assign a face-instance label to each triangle
by querying the label decoder (conditioned on Z̀) at the triangle's face center.
Repeating this procedure for all faces yields a fully segmented mesh, which is
then passed to the subsequent B-Rep �tting and post-processing stage.

B-Rep Conversion. Given the segmented mesh M with per-triangle face-
instance labels, we convert it to a processed B-Rep via a classical segment��t�
assemble pipeline. First, we resample M using Poisson-disk sampling to obtain
a dense point set Xdense = fx i g

N d
i=1 on the surface (we use Nd=100;000 in all

experiments). We then transfer instance labels from the segmented mesh to the
sampled points by assigning each point the label of its triangle, producing a
dense segmented point cloud. With this dense, labeled point set, we employ
Point2CAD [35] for B-Rep reconstruction: for each instance label, Point2CAD
�ts a parametric surface patch to its corresponding point subset, and then re-
covers boundaries by intersecting adjacent �tted patches. Finally, it trims the
�tted surfaces using these curves, derives vertices from curve intersections, and
assembles the connectivity into a processed B-Rep.

3.4 Geometry-conditioned Label Latent Generation

In many use cases, we only have access to a geometry latent set Zg produced
by a shape-generation pipeline, but no paired label latent set Z̀. To enable
segmentation decoding in this setting, we learn a geometry-conditioned generator
that models a conditional distribution over label latent sets. Speci�cally, we train
p� (Z ` j Z g) to match the label latent space induced by our label VAE for the same
geometry (Section 3.2). At inference, we sample Z̀� p � (Z ` j Z g) and decode it
with the label decoder to obtain a plausible face segmentation consistent with
the generated geometry.

Flow-matching conditional generator. We model the conditional distribu-
tion p � (Z ` j Z g) using �ow matching [32]. During training, we construct paired
latent sets (Zg; Z ` ) for each CAD shape. Speci�cally, we obtain Zg by encoding
the input geometry with the frozen geometry encoder, and obtain Z̀ by encoding
the corresponding dense instance labels Y with the label encoder (Section 3.2)
after applying a random permutation matrix � to the instance IDs, i.e., feeding
Y�. Resampling � yields multiple equivalent label latent sets for the same un-
derlying partition, encouraging p� (Z ` j Z g) to capture the distributional nature
of the label latent space rather than a single canonical ordering.

Given such a sample Z̀, we sample Gaussian noise Z0 � N (0; I) (with the
same shape as Z̀) and draw t � U[0; 1]. We then construct a linear interpolation

Z t = (1 � t)Z 0 + tZ ` ; (6)
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whose target �denoising velocity� along this path is v? = dZ t
dt = Z ` � Z 0. We

train a geometry-conditioned velocity network v � that takes the partially-noised
label latent set Zt (and a time embedding of t) while conditioning on Zg, and
predicts the velocity �eld:

L FM = E t;Z 0 ;Z `

h


 v � (Z t ; t; Z g) � (Z ` � Z 0)




 2

2

i
: (7)

At inference, given Zg we sample Z0 � N (0; I) and solve the ODE dZ t
dt =

v � (Z t ; t; Z g) from t=0 to t=1, producing a denoised sample Z` � Z 1 that can
be decoded by the label decoder.

Velocity network architecture. We parameterize the conditional velocity
�eld v � (Z t ; t; Z g) using the TripoSG-style latent-set generator, but with a sim-
pler conditioning mechanism. In TripoSG, conditioning is implemented via cross-
attention; here we leverage the fact that both the geometry latent set Zg 2 RM�C

and our label latent set Zt 2 RM�C are de�ned on the same M FPS anchors. The
alignment enable performing latent-wise conditioning by channel concatenation:

H t = MLP in

�
[Z t ; Zg]

�
2 RM�C ; (8)

where [�; �] denotes concatenation along the feature dimension and MLPin projects
back to width C. We inject the timestep using a standard time embedding e(t)
using the AdaIN-style conditioning adopted in [38], and process Ht with L gen

self-attention blocks:
~H t = SA L gen

�
H t ; e(t)

�
: (9)

Finally, a lightweight output head predicts the denoising velocity with the same
shape as Zt , v � (Z t ; t; Z g) = MLP out ( ~H t ) 2 R M�C . Overall, conditioning reduces
to latent-wise concatenation and self-attention, avoiding cross-attention while
still allowing global information exchange through the self-attention stack.

Sources of geometry latents. Our framework is agnostic to how the geom-
etry latent Z g is obtained, and supports two upstream generation/conditioning
pipelines: (i) Point-conditioned geometry: given an input point cloud (with nor-
mals), we use the pre-trained TripoSG VAE to produce Zg. (ii) Image-conditioned
geometry: given an input image, we obtain Zg using the image-conditioned gen-
erator provided by TripoSG, which yields geometry latents compatible with
the same frozen geometry decoder. In all cases, Zg is passed to our geometry-
conditioned generator to sample a compatible Z̀ for segmentation decoding.

4 Experiments

Dataset. We train and evaluate on ABC-1M [52], a cleaned subset of ABC [19]
built by decomposing multi-body STEP �les into single-part solids and remov-
ing near-duplicates (�1.3M unique CAD models). ABC-1M provides strati�ed
train/val/test splits (70%/15%/15%) by face count. Ground-truth instance
labels come directly from the B-Rep, treating each B-Rep face as one instance
(without splitting periodic surfaces). We further restrict the dataset to shapes
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Fig. 2: Qualitative comparison of instance-level surface segmentation on representa-
tive shapes from the ParSeNet test set. Columns show ParSeNet, HP-Net, SED-Net,
PrimitiveNet, our method queried on points (Ours (Points)), our method queried on
a decoded mesh (Ours (Mesh)), and ground truth (GT). Colors indicate instance IDs;
for visualization only, predicted IDs are aligned to GT via Hungarian matching.

with more than 10 and at most 100 faces to control complexity and match
the operating range of our models. For evaluation, we use the intersection of
our �ltered ABC-1M test split with the released ParSeNet test set [40] (�700
shapes), ensuring all methods are evaluated on the same CAD instances and
ParSeNet-released surface samples. The resulting subset is challenging, as each
shape contains at least one B-spline surface patch.

Training settings. We adopt the TripoSG architecture for both (i) our label
VAE and (ii) the geometry-conditioned latent generator described in Section 3.4.
For the label VAE, we train for 200k iterations with batch size 64 and learning
rate 1e-4; we set the KL-loss weight to 1e-3. For the geometry-conditioned gen-
erator, we train for 700k iterations with batch size 128 and learning rate 5e-5,
and maintain an exponential moving average (EMA) of the model parameters
with decay 0.9999. All models are trained on 32 NVIDIA H100 GPUs; training
the label VAE and the generator takes about 3 days and 7 days, respectively.

4.1 Point Segmentation

Baselines. We compare against four point-cloud instance segmentation meth-
ods: ParSeNet [40], HP-Net [56], SED-Net [29], and PrimitiveNet [15]. Following
the ParSeNet protocol, we evaluate on the ParSeNet-released surface samples
and read out the predicted instance label at each sampled point. While these
baselines take a �xed-size input point set and output per-point predictions for
that set, our method decouples conditioning from querying: we encode the in-
put point cloud into geometry/label latent sets and query our label decoder at
the evaluation samples. This enables evaluation on arbitrary query point sets
(including ParSeNet samples) without retraining or changing input resolution.
Note that for PrimitiveNet, the o�cial release does not provide the full data
split and preprocessing needed, so it is retrained on the ParSeNet dataset.

Metrics. We report standard instance-level segmentation metrics, including
mean Intersection-over-Union (mIoU), mean accuracy, mean precision, mean re-
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call, and mean F1 score. For each shape, we �rst compute per-instance statistics
by treating each active instance label as a binary classi�cation problem over
the evaluated surface sample points. We then compute IoU, accuracy, precision,
recall, and F1 for each instance label and average them across all active labels
in the shape; �nally, we report the mean across the test set.

Quantitative Comparisons. Table 1 reports results on the common test set,
where our method achieves the best performance across all metrics. The largest
gains are on point-wise correctness metrics (accuracy, precision, recall, and F1),
indicating fewer false assignments and fewer missed regions, and thus cleaner sep-
aration of adjacent surface instances. Although trained with denser samples, our
model remains robust when evaluated on the lower-resolution ParSeNet samples.

Table 1: Instance-level segmentation re-
sults. Higher is better for all metrics.
Method mIoU Acc." Prec." Rec." F1"

ParSeNet [40] 0.7671 0.5232 0.5472 0.6021 0.5582
HP-Net [56] 0.7486 0.5542 0.5928 0.6263 0.5896
SED-Net [29] 0.8010 0.5130 0.5262 0.5857 0.5420
PrimitiveNet [15] 0.7189 0.3069 0.3527 0.3479 0.3376

Ours 0.8046 0.7040 0.7606 0.7575 0.7470

Qualitative Comparisons. Figure 2
visualizes predictions on ParSeNet test
shapes: we color surface samples by
predicted instance ID and align IDs
to ground truth via Hungarian match-
ing for visualization. ParSeNet, HP-
Net, SED-Net, PrimitiveNet, and Ours
(Points) are rendered on the same ParSeNet samples, while Ours (Mesh) queries
the decoder on the decoded mesh. Overall, our method produces less fragmen-
tation and less label leakage across boundaries, especially on shapes with many
small patches and curved regions; querying on the decoded mesh further reduces
boundary aliasing and yields sharper transitions. Additional visualizations are
provided in the supplementary materials.

4.2 Point to B-Rep

Baselines. We compare against segmentation-to-CAD pipelines built from the
instance segmentation baselines in Section 4.1. For each baseline (ParSeNet/HP-
Net/SED-Net/PrimitiveNet), we feed the input points and predicted instance
labels into Point2CAD [35] to �t per-segment surface patches and assemble a
B-Rep. For our method, we condition on the same input point cloud but run
Point2CAD on a denser point set sampled from our reconstructed mesh (Sec-
tion 3.3), with per-point labels obtained by querying our label decoder on the
mesh. Beyond segmentation-driven pipelines, we include two direct point-to-B-
Rep baselines: ComplexGen [12] predicts vertices, curves, surfaces, and their
topology as a B-Rep chain complex, followed by constrained global optimiza-
tion and geometric re�nement, while Split-and-Fit [33] predicts a Voronoi-style
cell decomposition and �ts primitives per cell before recovering B-Rep structure
through cell adjacencies and intersection reasoning (it focuses on simple analytic
primitives and does not explicitly model spline patches).

Metrics. Following Split-and-Fit, we report three metric categories: (i) geomet-
ric error via Chamfer Distance (CD) for vertices/curves/surfaces, computed from
point samples on each primitive; (ii) detection precision/recall/F1 by matching
predicted primitives to ground truth using CD, averaged over thresholds (0.1,
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