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1. Further Discussion on the Full Pipeline

Another representative method for image to point cloud re-
construction is VGGT: Visual Geometry Grounded Trans-
former [11], a large feed-forward transformer trained on
massive multi-view datasets that directly predicts camera
poses, dense depth, and point clouds from sparse or even
uncalibrated views. VGGT gives very fast and robust
3D initialization compared to traditional SfTM [10]+3DGS
pipelines. However, its predicted geometry is generally less
accurate and less metrically stable than that of optimized
3DGS. This limitation becomes more pronounced for CAD
models. CAD models often exhibit low-texture surfaces,
uniform materials, and repetitive geometric patterns. As a
result, the reconstructed point clouds from different views
are often misaligned or fragmented, producing multiple dis-
connected local point clouds rather than a single coherent
structure. In contrast, our BrepGaussian builds upon Gaus-
sian Splatting, thereby enabling robust recovery of geome-
try from multi-view images, even for low-texture CAD ob-
jects.

Recent studies have also explored end-to-end paramet-
ric differentiable renderers [3, 12, 13] that reconstruct ge-
ometry directly from multi-view images. These approaches
operate on explicit primitives such as meshes, CSG trees,
or Bézier surfaces, and allow gradients from losses defined
in the image space to propagate back to shape parameters.
However, they usually assume a fixed topology and rely on
a set of shape parameters with strong initialization priors,
which restricts them to local refinement, rather than com-
plete CAD reconstruction from images. In contrast, Brep-
Gaussian leverages Gaussian Splatting to obtain clean point
clouds from multi-view images, enabling full B-Rep recov-
ery with surface and edge structures.

2. Parametric Fitting

RANSAC Model. RANSAC (RANdom SAmple Consen-
sus) [2] is a robust model estimation algorithm used to fit
a parametric model to data that may contain a large pro-
portion of outliers. It assumes that the input data consist
of inliers, which can be well fitted by a valid set of model
parameters, and outliers. Given a dataset D and a param-
eterized model M (6), the algorithm iteratively samples a

minimal subset S C D to estimate the model parameters
0, fits the model to S, and evaluates all points in D using a
distance measure €. Points satisfying ¢; < 7 are considered
as inliers, where 7 is a predefined distance threshold. The
model with the largest inlier count is selected as the final
estimate:
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where L(-) denotes the indicator function. In our imple-
mentation, RANSAC is used to robustly estimate the pa-
rameters of plane, cylinder, and sphere models.

Plane. For planar primitive fitting, in each iteration,
points are sampled to define a candidate plane:
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which can be represented as IT = (n, d), where n = [a, b, |
is the normalized plane normal vector and d is the offset
from the origin. For a point p; = (x;, y:, 2;), the perpen-
dicular distance to the plane is given by
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Points with €; < 7 (typically 7 = 0.01 units) are regarded
as inliers. The algorithm iterates up to 1000 times or until
90% of the points are classified as inliers, and the plane
with the maximum inlier count is selected as the optimal fit.
After fitting, all inlier points are projected onto the plane to
form a local 2D coordinate system, and their convex hull is
computed to determine the boundary of the planar patch.
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Cylinder. A cylinder is mathematically defined by its ra-
dius R, the top face center c; and the bottom face center cy,.
The parameter set is:

ecylindcr - {Ctv Cp, R} (4)

Estimating this primitive requires simultaneous recovery of
both the axis orientation and radius. We generate can-
didate axis directions by combining Principal Component
Analysis (PCA) and the Minimal Oriented Bounding Box
(MOBB) [9]. PCA provides the direction of least variance



as an initial axis, while MOBB contributes three orthogo-
nal axes from its edges. For each axis candidate, points are
projected onto the plane perpendicular to the axis to obtain
2D coordinates (X;,Y;). In each iteration, points are ran-
domly sampled to form a circle candidate whose parameters
(a, b, R) are estimated by solving:
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where the circle center (z., y.) and radius R are computed
as
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Points whose radial distance to the circle satisfies
WV(Xi —2.)2 + (Yi — y.)2 — R| < 7 are considered in-
liers. The candidate with the largest inlier count is selected.
Given the selected axis, the cylinder height h is estimated
by computing the projection range of inlier points along the
axis direction. The fitted circle and height are transformed
along the estimated axis to obtain the top and bottom cen-
ters (c¢, ¢p) in world coordinates.

Sphere. In each iteration, points are randomly sampled to
define a candidate sphere. The parameters of a sphere, i.e.,
its center ¢ = (2, Ye, 2.) and radius r, satisfy the general
sphere equation
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Expanding the equation leads to a linear form that can be
solved by least squares:
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where D = 12 — 22 — y2 — 22 The center and radius are
obtained as
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For each candidate sphere, we compute the residual for ev-
ery point p; as

ei=|lpi—c|—r]|, (10)

and classify points with €; < 7 (typically 7 = 0.01 units)
as inliers.

Primitive Intersections. The intersection relations be-
tween fitted primitives are computed analytically.

For two planes II; = (n1,d;) and IIy = (ng,ds), the
intersection line has direction

d:nl X Na, (11)

The anchor point x( on the line is obtained by solving a
least-squares system that satisfies the two plane constraints
and an additional constraint along d:

TLI n—{pl
ny |z = |nypa] . (12)
d’ 0

The anchor point z( together with the direction d defines
the intersection line x(t) = xo + td . Edge points obtained
from Stagel are projected onto this line to determine the
valid parameter range [tmin, tmax)-

For a plane IT = (n, d) intersecting with a cylinder C' =
(a, caxis, "), where a is the axis direction, c,;s is a point on
the axis, and r is the radius, the resulting curve is a circle
embedded in II. The circle center is computed as
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where pg is any point on II. The circle radius remains r,
and edge points projected onto II are retained if they satisfy
both plane and radial distance thresholds.
The intersection between a plane II = (n,d) and a
sphere S(c,r) is also a circle, whose center and radius are
given by:
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Here, o is the projection of the sphere center onto the plane,
and 7’ is the radius of the intersection circle.

Triangulation. After fitting the primitives (planes, cylin-
ders, and spheres) and computing their pairwise intersec-
tions (lines and circles), we generate closed surface patches
to assemble the final B-Rep model. For each surface, all
intersection lines and curves incident to it are collected
as boundary elements and projected to its parametric do-
main. Planar surfaces IT = (n,d) are projected onto a lo-
cal (u,v) frame orthogonal to n, while cylindrical surfaces
C = (a, caxis, ) are represented in cylindrical coordinates
(0, h), and spherical surfaces S = (¢, ) are parameterized
by spherical coordinates (6, ¢). The intersection curves are
then connected according to shared corner points to form
closed boundary loops. Each loop is analyzed in the pa-
rameter domain to distinguish outer boundaries and inner
holes based on their signed areas and containment relations.



Planar surfaces are triangulated using constrained Delau-
nay triangulation, while cylindrical and spherical surfaces
are meshed in their respective parametric domains to pro-
duce watertight patches. Finally, all reconstructed patches
are merged into a unified CAD mesh, and vertex normals
are aligned with the surface orientations.

3. Effect of two stage learning

We provide qualitative comparisons to illustrate the effect
of using our two-stage Gaussian training scheme. As shown
in Fig.1, the quantitative results in the main paper already
demonstrate that the two-stage strategy yields better recon-
struction accuracy. In the one-stage setting, excessive loss
coupling causes the Gaussian positions to be influenced by
competing objectives, resulting in noisy and irregular point
distributions that deviate from the true object surfaces. Such
artifacts degrade the quality of the reconstructed CAD mod-
els. In contrast, our two-stage training decouples geometry
learning from feature optimization, producing clean Gaus-
sian distributions that align closely with the underlying sur-
faces, and thus enable higher-quality CAD reconstruction.

Ground Truth

w/o two stage

two stage

Figure 1. Effect of two-stage learning.

4. Visual Differences between 3DGS and 2DGS

Fig.2 compares 3DGS, 2DGS, and the ground-truth points.
3DGS models geometry with volumetric ellipsoids, which
introduces artificial thickness and noisy distributions. In
contrast, 2DGS represents geometry using oriented ellipti-
cal disks constrained to the surface, producing cleaner and
sharper structures that better match CAD surfaces.

Ground Truth

3DGS output

2DGS output

Figure 2. Visual differences between 3DGS and 2DGS.

5. Effect of Densification

Fig.3 compares the point clouds generated with and without
the densification step during the Gaussian-to-point conver-
sion. Without densification, the sampled points are sparse
and unevenly distributed, failing to capture fine surface de-
tails and resulting in incomplete geometric structures. After
applying densification, the point distribution becomes more
uniform and better aligned with the ground-truth surfaces,
providing a higher-quality input for subsequent segmenta-
tion and CAD reconstruction.

densification Ground Truth

w/o densification

Figure 3. Effect of densification in Gaussian-to-point conversion.

6. Comparisons with Generative Methods

We compare with recent generative baselines, follow their
input specs, and report the best result. These methods en-
able diverse part synthesis, but image conditioning remains
under-constrained.

Table 1. Quantitative comparison with generative methods.

Metrics | Hola[8] GenCAD [1] CADDreamer [4] Ours

D.(1072) | | 9.55 2422 16.18 4.90

7. Runtime

We report the runtime of different methods to demonstrate
the efficiency of our method.

Table 2. Runtime analysis of different methods.

Methods Training time  Prediction time
PcerNet[5] >30h 3s
Split-and-Fit[6] >50h 30m
Point2CAD[7] X 30s
Our stagel - Sm
Our stage2 - 11m
Our fit - 3s

8. Additional Visualization Comparisons.

To further validate the effectiveness of our two-stage Gaus-
sian learning and CAD reconstruction pipeline, we provide



additional qualitative comparisons in Fig.4,5,6. These ex-
amples follow the same evaluation standard as the main pa-

per,

showing both segmentation results and reconstructed

CAD models.
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Figure 4. More visualization results.
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Figure 6. More visualization results.
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