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MiCADangelo: Fine-Grained Reconstruction of
Constrained CAD Models from 3D Scans

Supplementary Material

Overview

This supplementary document provides additional technical details complementing the main paper,
along with an extended set of qualitative evaluations of the proposed MiCADangelo. Section [0.1]
outlines the data preprocessing procedures, Section[0.2] describes the evaluation metrics, Section 0.3
provides additional experimental analysis, Section [0.4|discusses current limitations and failure cases,
and Section [0.5|presents additional qualitative results.

0.1 Data Preprocessing

This section describes the data preparation steps used for training and evaluation of the proposed
method.

0.1.1 Data Preparation for the Training of Plane Detection Network

Preprocessing of extrusion planes. To train the proposed plane detection network, extrusion planes
are extracted from the DeepCAD [[1] dataset using the original train and test splits. For every extrusion
in a CAD sequence, we start from its sketch plane (o, n) with origin o € R3 and normal n € R3,
forward extent e; € R and backward extent e; € R. We compute a single, canonically oriented plane
(o*,n*). First, the origin o is moved depending on the extent_type flag provided by the CAD
sequence:

o —ejn, if extent_type = symmetric extrusion ,

0" =¢0—eon, ifextent_type = two-sided extrusion ,

o, if extent_type = one-sided extrusion .

The two limiting points are ogyq = 0 + e;n and opwg = 0 + exn. The normalized connecting
vector n' = (Ofwd — Obwd)/||Ofwd — Obwd|| is used as the normal direction. To make the direction
unambiguous, we flip it towards the positive axis n* = |n’|. If the direction is flipped, 0o* is moved
to the point oy,,q. Finally, the set {(0?, n;)}?: 1 Where n, is the number of extrusions, constitutes
the ground-truth extrusion planes.

Preparation of Slicing Plane Labels. For each CAD model in the DeepCAD dataset, we sample
equally spaced 40 slicing planes along each of the z-, y-, and z-axes, producing a total of N = 120
slicing planes:

I = {70 } a € {z,y,z2}, 0 €{0,...,39}}.

We define a binary label sety = {y; }r,em, where y; € {0, 1} for each slicing plane 7;, and initialize
all labels to 0. For every ground-truth plane 7y, we identify the nearest slicing plane:

7y, = arg min d(m;, ),
T, €11

and update the corresponding label y, to 1, where d(;, 7% ) denotes the distance between planes 7;
and 7.

0.1.2 Data Preparation for the Training of Sketch Parameterization Network

The constrained sketch parameterization network is initially trained on the SketchGraphs dataset [2].
It is then fine-tuned on an augmented version of SketchGraphs that includes added noise and
synthetically generated closed-loop images. This augmentation helps the model better adapt to the
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characteristics of cross-sectional slice data. During training, a synthetic sketch is used if a uniformly
sampled random number exceeds 0.5; otherwise, the original SketchGraphs sketch is retained. A
random rotation between [0, 27] is also applied to the sketch with random probability 0.2. The
procedures for generating random sketches and noise augmentation are detailed in Algorithm|[I]and
Algorithm 2] respectively. Figure [I|shows example sketches from the original SketchGraphs dataset
and its augmented counterpart, highlighting the added variability introduced by synthetic loops and
image-space noise.

Algorithm 1 GenerateRandomLoopSketch
Require: maxPrimitives, arcWeight

Ensure: K = (P,C) > Sketch primitives P and constraints C
1: P+0,C+0
2: my, < random_int(3, maxPrimitives)
3: P+ RandomPolygon(np > Random polygon with at least 3 vertices

4: fori =0ton, —1do

5 (x5,%Xc) < edgeiof P

6: if rand() > arcWeight then
7.
8

pi < Line(xs,x.) > Create line primitive
: else
9: Xy %(xS + X.) > Midpoint of the start and end points
10: V — X — X,
11: § + rand_uniform(0.05,0.15)
12: Xg & Xm +0-V] > Add offset to midpoint
13: if rand() > 0.8 then
14: sSwap X ¢ Xe > Randomly reverse arc direction
15: end if
16: pi < Arc(Xs,Xq, Xe) > Create arc primitive
17: end if
18: P« PU{p:} > Add primitive to sketch
19: if + > 0 then
20: c¢; < (pi—1, Pi, coincident) > Add coincident constraint
21: C + CuU{ci}
22: end if
23: end for
24: ¢, < (Pn,—1, Po, coincident) > Close loop with final constraint

25: C <+ CU{cy,}
26: return K = (P,C)

0.1.3 Data Preparation for the Experimental Evaluation

DeepCAD Complex Subset. To assess the performance of the proposed method on more complex
cases (Section 5.1 of the main paper), we selected a subset of CAD models from the DeepCAD test
set based on the number of sketch loops. While a model can be complex even with a single loop, the
DeepCAD dataset contains a disproportionately large number of very simple designs (e.g., cubes)
that can dominate the overall evaluation. To mitigate this, we filtered for models containing more
than four distinct loops. This process yielded a subset of 1,391 samples used for targeted evaluation.

Extruded SketchGraphs Dataset. To evaluate the impact of constraints in 3D reverse engineering
(Section 5.2 of the main paper), we construct a set of solids with their corresponding constrained
sketches from the Sketchgraphs [2] dataset. Starting from the first sketch in the test split, we iterate
sequentially through the dataset and process only sketches that form closed loops. Each closed sketch
is loaded into FreeCAD [3]], placed at the origin with its normal aligned to +z, and extruded by 0.3
units along that axis to produce a 3D solid. The solid is then exported in three formats: 0BJ, STEP,
and native FCStd. This process is repeated until 1,000 solids are generated.

"Implemented using polygenerator| and [shapely| libraries.


https://github.com/bast/polygenerator
https://github.com/shapely/shapely
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Algorithm 2 RenderWithNoiseAugmentation

Require: Sketch K, is_hand_drawn
Ensure: Sketch image X

1: s+ 128

2: if rand() < 0.2 then

3: s < rand_choice({64, 128, 256}) > Random rescaling size
4: end if

5: X < RenderSketch(IC, is_hand_drawn, s) > Render sketch at resolution s
6: X < Resize(X, 128 x 128) > Normalize size
7. if rand() < 0.2 then

8: X ¢+ AddNoiseNearForeground(X) > Add local noise
9: end if

10: if rand() < 0.2 then

11: k « rand_choice({3, 5})

12: d+2k+1

13: X + GaussianBlur(X, kernel_size = d, o = 0) > Apply blur with random kernel size
14: end if

15: return X

Algorithm 3 AddNoiseNearForeground

Require: Image X of size H x W, max offset d
Ensure: Modified image X

I: B+ {(z,y) | X[y,z] =0} > Foreground (black) pixel coordinates
2: if |B| = 0 then

3: return X

4: end if

5: N < randint(0, 100) > Number of noise points
6: fori=1to N do

7: (x,y) ~ Uniform(B) > Sample uniformly from foreground
8: 0z, 6y < randint(—d, d)

9: a’ « clip(x + d§,, 0, W —1)
10: y' < clip(y + 6y, 0, H — 1) > Clip to bounds
11: if rand() < 0.5 then
12: Xy, 2"« 0 > Add synthetic black pixel
13: else

14: Xy, 2] + randint(0, 20) > Add light gray speckle
15: end if

16: end for

17: return X

Constrained Sketch Transformations. As discussed in Section 5.2 of the main paper, the impact
of geometric constraints is evaluated by applying controlled transformations to the sketches in the
Extruded SketchGraphs dataset. For each sketch, we randomly displace a single point, triggering
a constraint-driven update to the overall geometry. This results in a modified sketch and a corre-
sponding transformed 3D shape. In total, this procedure yields 1,000 CAD models with associated
transformations. To enable applying the same transformation to predicted sketches, we record the
original point and its displacement vector during transformation generation. In the predicted sketch,
we identify the closest point—among the start, midpoint, or end of all primitives—to the originally
displaced point, and apply the same displacement vector. Examples of such transformations are
shown in Figure 5 of the main paper and Figure 2]in the supplementary.

DeepCAD Cross-section Images. To evaluate the performance of the sketch parameterization
network on cross-sectional data (Section 5.3 of the main paper), a total of 5,106 cross-section images
are extracted from single-extrusion models in the DeepCAD test set. Each cross-section image is
generated by slicing the corresponding 3D mesh along the sketch plane specified in the associated
CAD sequence.
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Figure 1: Examples of original (left) and augmented SketchGraphs sketches (right), illustrating the
effect of synthetic loop generation and noisy rendering.
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Figure 2: Examples of constrained sketch transformations and their effect on the resulting 3D models.

0.2 Metrics

Quantitative evaluation of the proposed method was conducted using the metrics described below.

Chamfer Distance (CD). Let M,,.q and M, denote the meshes obtained from the predicted and
ground-truth CAD models, respectively. A fixed number of points are uniformly sampled from the
surface of each mesh, yielding two point sets:

P= {pi}fily P= {f)i}ilih

where N = 8192 and p;,p; € R3. Sampled points P and PP are normalized to unit scale. The
Chamfer Distance between the sampled point sets is then defined as:

N N
1 . sz L in || 2
CD = ngle%llpi—mllﬁmj;gglgllpj - pillz- M

Intersection over Union (IoU). To evaluate the volumetric similarity between two 3D meshes, we
compute the Intersection over Union (IoU). Let M,.q and M, be the predicted and ground-truth
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meshes obtained from corresponding CAD models, each possibly composed of multiple connected

components Mg = |, Méﬁid, My =1 ; Mé{ ) The IoU is defined as

Z VoM, n M)

- > VoMl +ZV01(M(” ZVolM“deg))

pred pre

IOU(Mper7 Mgt)

@

where Vol(-) denotes the volume of a mesh]

Edge Chamfer Distance (ECD). To evaluate performance on boundary curves, we compare models
using points sampled only from their edges. For each STEP file obtained from prediction and ground-
truth, we draw M = 4096 points uniformly across all edge curves, center the point cloud at the
origin, and normalize it to the unit bounding box, yielding two sets

*{b }z 1 E:{E)?}i\ila

where b;, b; € R3. The Edge Chamfer Distance between the predicted and ground-truth edge sets is
then defined as:

M M
1 . 1 A
ECD = — i _b.l? = : _ b2
CD =51 ;é?é%”bz billz + 537 ?:1 E?le%”bl b2 3)

Invalidity Ratio (IR). The Invalidity Ratio (IR) is defined as the percentage of predicted CAD models
that fail to produce valid meshes during export.

Sketch Chamfer Distance (SCD). To assess the similarity between predicted and ground-truth
sketches, we compute a 2-D Chamfer Distance between the sets of foreground pixel coordinates
obtained from their i X w binary rasterizations. Let the sets of foreground pixel coordinates be

& L AN
S= {SN}n 1 S= {STL}nil

where s,,,8, € {(¢,7) | 1 <i < h, 1 <j < w},and Ny, Nf denote the number of foreground
pixels in the ground-truth and predicted rasterizations, respectively. The bidirectional Sketch Chamfer
Distance is then defined as

Ny

SCD = S — skl + 2N me s — 8k]l3. @

Plane Detection Metrics (Precision, Recall, F1). To evaluate the performance of the sketch plane
detection network, we treat each slicing plane across all CAD models as a binary classification
instance. Let y; € {0, 1} be the ground-truth label of the i-th slicing plane (y; = 1 if the plane
coincides with a sketch plane, 0 otherwise) and §j; € {0, 1} the corresponding network prediction.
Then, Precision, Recall and F1 scores are computed as follows:

TP=> 1yi=1Agi=1], FP=) 1y =0Ag=1], FN=> 1fy;=1A=0].

TP TP 2TP 2 Precision X Recall

Precision = ———— Recall = ———— FI = = :
recion = Tp pp’ T TP AN 2TP+ FP + FN _ Precision + Recall

The volume of a mesh is computed using trimesh| library.


https://github.com/mikedh/trimesh
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0.3 Additional Experimental Analysis

This section extends the main paper’s experimental analysis with further evaluations on complex
geometries, plane detection, error accumulation, and cut extrusions.

0.3.1 Complex Geometries

We further extend the complex geometry analysis by evaluating a subset of highly complex models
containing more than eight loops (271 models). These models represent parts with multiple intricate
geometric details. The quantitative comparisons on these partitions are reported in Table[l]

Method Mean CD| MedianCD] IR| IoU{ ECDJ
CADSIG-Net [4]] 6.48 1.64 51 41.07 4.84
Ours 5.47 0.45 55 6430 212

Table 1: Performance on models containing more than 8 loops.
0.3.2 Plane Detection

In Table 4 of the main paper, we ablate the impact of contextual embeddings on plane detection
performance. We extend this analysis to evaluate their effect on the full CAD reconstruction pipeline.
The results are presented in the Table[2] We observe that contextual embeddings have an effect on
the overall CAD reconstruction performance on all reported metrics. Nonetheless, it is interesting
to observe that, despite significantly underperforming in cross-section plane detection, our method
without contextual embeddings still achieves reasonable overall CAD reconstruction performance.
This can be attributed to the robustness of the subsequent stages—sketch parameterization and
extrusion optimization—which are capable of recovering plausible reverse engineering design paths,
even when the detected cross-section planes deviate from the ground truth.

Contextual Emb. Mean CD] Median CD| IR| IoUf ECDJ|

X 8.80 0.39 35 694 225
4 2.27 0.20 26 80.6 046

Table 2: Comparison of CAD reconstruction with and without contextual embeddings in plane
detection.

The value of N controls the density of cross-section slice sampling, determining the granularity of
the input to the reconstruction pipeline. We conduct an ablation on DeepCAD dataset with different
values in Table[3] We observe that larger values provide the input model with a more dense input
representation and slightly increase CAD reconstruction performance across metrics. In this work,
we set N to 40, which offers a good balance between accuracy and computational cost. A similar
compromise arises in point-cloud pipelines (as in all competitors [4} S} 6} [1]]), where the input cloud
is routinely down-sampled to a fixed number of points.

N Mean CD| MedianCD| IR| IoUfT ECDJ]

10 3.20 0.26 45 782 054
20 3.17 0.25 43 784 053
40 2.27 0.20 26 80.6 046

Table 3: Ablation on the number of 2D cross-sectional slices /N used as input to the slice plane
detection network.

0.3.3 Error Accumulation Analysis

Error accumulation is an inherent challenge in all recent CAD reverse engineering approaches
including MiCADangelo. This is due to the fact that a CAD model is typically represented as a
sequence that is generated over a number of steps. Recent top-down approaches [4, 5] generate a
CAD sequence autoregressively, meaning that inaccurately predicted sequence tokens are fed back
into the model, potentially compounding errors and degrading the accuracy of subsequent token
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predictions. Similarly, bottom-up approaches [6] 7, [8] involve multiple sequential stages, such as
per-point segmentation, base or barrel label prediction, and extrusion parameter estimation, with
error propagating at each stage. Nevertheless, to assess the robustness of the different steps of
MiCADangelo, we evaluate its core stages independently (plane detection, sketch parameterization,
and extrusion parameter optimization) in Table[d] In each case, we observe improved performance
compared to the corresponding stages in related methods, which explains the superior overall
performance achieved by our approach.

Plane Detection. We compare MiCADangelo’s plane detection performance against CAD-SIGNet
[15], using standard precision, recall, and F1-score. Note that CADSIG-Net is designed to align plane
detection with design history, hence its predicted and ground-truth planes are anchored in the original
DeepCAD design planes. In contrast, MiCADangelo targets reverse engineering and thus operates on
cross-sectional planes obtained by pre-processing DeepCAD (detailed in Supp. Section|0.1). The
Table @] shows that MiCADangelo achieves strong performance in cross-sectional plane detection,
with notably higher metrics than CAD-SIGNet’s performance in the design-plane detection setting.

Sketch Parameterization. We extend our evaluation on Table 5 of the main paper with the addition
of an autoregressive baseline, Vitruvion [4]. We show in the Table [ that MiCADangelo outperforms
both Vitruvion [4] and Davinci [35] in cross-section parameterization in terms of Sketch Chamfer
Distance (SCD).

Extrusion Performance. To evaluate extrusion performance, we compare MiCADangelowith
Point2Cyl [6], a bottom-up method that estimates extrusion cylinders from 3D point clouds. We use
100 CAD models from the dataset provided in [8] and, for each model, match each ground-truth extru-
sion cylinder to its closest predicted counterpart from both methods using Chamfer Distance (CD). We
then report the average CD across all matched pairs. As shown in the Table[d] MiCADangelo achieves
a lower average CD, indicating more accurate extrusion recovery. It is worth noting that, due to the
high computational cost of Point2Cyl (over 4 hours for 100 samples), this evaluation was limited to
100 models.

Sketch Parameterization

Plane Detection Extrusion Performance
Method Precision  Recall F1 Method Extrusion CD| Method SCb}
o
CADSIG-Net @ 0701 0.696 0.686 Point2Cyl 279 ]‘;‘;\TXC‘? hyssd
Ours 0.894 0.864 0.870 Ours 10.1 Ours 0.283

Table 4: Error accumulation analysis across plane detection, sketch parameterization, and extrusion
performance.

0.3.4 Cut Extrusions

vh b olle

Step 1 Step 2 Step 1 Step 2 Step 3
Extrusion Cut Extrusion Final Model Extrusion  Cut Extrusion Cut Extrusion  Final Model

Figure 3: Example CAD reconstructions with cut extrusions.

Cut extrusions can be categorized into: (1) visible cut extrusions, when their originating sketch loops
are visible and nested within other loops; (2) invisible cut extrusions, when their sketch loops are
invisible in the final CAD geometry hence not captured by cross-sections. Our method handles visible
cut extrusions as detailed in Section 4.4. The invisible cut extrusions are not directly handled. In
such cases, the models are reverse engineered using alternative sketch—extrude sequences. Table[3]
demonstrates that our method outperforms CAD-SIGNet in reconstructing models with visible and
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invisible cut extrusions. Visual illustrations of individual reconstruction steps with cut extrusions are
shown in Figure 3]

Method Mean CD| MedianCD] IR|] IoUT ECDJ]
CAD-SIGNet [4]] 4.95 0.77 3.0 655 397
Ours 4.26 0.64 35 71.8 3.13

Table 5: Performance on DeepCAD models with cut extrusions.

0.4 Limitations and Failure Case Analysis

The proposed method is currently limited to extrusion-based CAD operations, consistent with prior
work [4,[7,16]. While extrusions are foundational to CAD modeling, many real-world designs rely on
additional features such as revolutions, sweeps, lofts, and fillets. In the proposed method, extrusions
are defined relative to sketch plane normals, which can lead to inaccurate outputs when the input
geometry involves non-axis-aligned extrusions. Additionally, the proposed method does not support
advanced sketch primitives such as B-splines, limiting its applicability to freeform designs. Future
work will address these limitations by expanding the set of supported CAD operations, optimizing
direction vectors in the differentiable extrusion process, and extending the sketch parameterization
network to handle B-spline primitives.

The proposed method also exhibits some imperfections within its supported scope. We conduct a
qualitative analysis of representative failure cases, as illustrated in Figure ] Common issues include:
(i) suboptimal extrusions, where the predicted extrusion height deviates from the ground truth; (ii)
primitive simplifications, in which sketch elements such as arcs are approximated using coarse line
segments, and (iii) missing or incorrectly predicted sketch planes, resulting in misaligned or absent
features in the final 3D reconstruction. These examples highlight the difficulty of robustly predicting
sketch planes, constrained sketches, and extrusion parameters, especially in models with complex
geometry and topology.

Ours Ground Truth Ours Ground Truth Ours Ground Truth

W ™ € R
A gl B
& & \ \ ™

Suboptimal Extrusions Primitive Simplifications Missing/Incorrect Sketch Planes

Figure 4: Representative failure cases illustrating issues such as inaccurate extrusion height, primitive
simplification, and sketch plane misprediction.
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0.5 Additional Qualitative Results

This section provides additional qualitative results and visualizations. Figure[5]shows intermediate
steps of reconstructed CAD models in FreeCAD [3]]. Figure[g|shows the visualization of differentiable
extrusion. Figure [7] Figure [8] Figure 0] and Figure [T0] shows more qualitative comparisons on
DeepCAD and Fusion360 [11] datasets.

Figure 5: Visualization of intermediate steps in constrained CAD reconstructions in FreeCAD.

%
S
\
®

Input Mesh Iteration O Iteration 200 Input Mesh Iteration O Iteration 200

Figure 6: Visualizations of extrusion optimization with the points sampled from the input mesh and
the extrusion vectors.
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Figure 7: More qualitative comparisons with [4] on DeepCAD dataset.
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Figure 8: More qualitative comparisons with [4] on DeepCAD dataset.
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Figure 9: More qualitative comparisons with [4] on Fusion360 dataset.
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Figure 10: More qualitative comparisons with [4] on Fusion360 dataset.
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