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Figure 1. PI3DETR is an end-to-end pipeline that takes a point cloud as input. Like 3DETR [14], it uses an SAModule [16] to sample points
and generate queries, and a Transformer [21] to extract query-specific features. Multiple heads predict parametric curves (cubic Bézier,
line segments, circle, arc) with associated parameters, while a geometry-aware matcher aligns predictions with ground truth, removing the
need for intermediate representations or post-processing. This visualization shows three sample queries for clarity.

Abstract

We present PI3DETR, an end-to-end framework that di-
rectly predicts 3D parametric curve instances from raw
point clouds, avoiding the intermediate representations and
multi-stage processing common in prior work. Extending
3DETR, our model introduces a geometry-aware matching
strategy and specialized loss functions that enable unified
detection of differently parameterized curve types, includ-
ing cubic Bézier curves, line segments, circles, and arcs,
in a single forward pass. Optional post-processing steps
further refine predictions without adding complexity. This
streamlined design improves robustness to noise and vary-
ing sampling densities, addressing critical challenges in
real world LiDAR and 3D sensing scenarios. PI3DETR
sets a new state-of-the-art on the ABC dataset and gener-

*Equal contribution.

alizes effectively to real sensor data, offering a simple yet
powerful solution for 3D edge and curve estimation. Code:
https://github.com/fafraob/pi3detr.

1. Introduction

Estimating 3D edges in point clouds is not only a com-
pelling theoretical challenge but also a task with significant
practical impact. In robotic vision, for example, edge infor-
mation can be used to optimize grasp planning by determin-
ing precisely how and where an object should be gripped. In
manufacturing, wireframe extraction enables more effective
quality control, while in other domains, such as autonomous
driving, CAD reconstruction, and various 3D data process-
ing pipelines, edges serve as essential structural cues. In
many of these applications, LiDAR (light detection and
ranging) and other 3D sensing technologies are employed
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Figure 2. Unlike methods that rely on intermediate representations
(distance fields, segmentations, voxels) and post-fitting, PI3DETR
directly predicts parametric edge curves in an end-to-end manner.

to capture complex objects and environments. However,
the resulting point clouds are rarely flawless as they often
contain noise, exhibit non-uniform sampling densities, and
suffer from occlusion-induced gaps. These imperfections
make the development of robust and adaptable edge de-
tection methods critical for ensuring reliable performance
across diverse real-world scenarios.

Hence, we introduce PI3DETR, a streamlined end-to-
end architecture that directly predicts parametric curves
from raw point clouds, avoiding the complexity and mod-
ularity inherent in prior approaches. Existing methods of-
ten rely on intermediate representations such as voxel grids
[25], range images [13], or 2D sketches [22], which in-
troduce additional processing steps and impose assump-
tions on the input space. Others incorporate post-processing
stages to fit curves to precomputed segmentations [23] or
piece-wise linear primitives [25], or construct curve graphs
using multi branch decoders [6]. In contrast, PI3DETR
employs a unified architecture that directly infers paramet-
ric curve instances from point clouds, eliminating auxil-
iary representations, handcrafted pipelines, and multi stage
reasoning. As illustrated in Fig. 2, our approach simpli-
fies the overall pipeline while expanding capability. To
achieve this, we adapt the 3DETR framework [13] and ex-
tend it with a novel geometry-aware matching strategy that
enables joint detection of multiple curve types including cu-
bic Bézier curves, line segments, circles, and arcs in a single
forward pass. We further introduce tailored loss functions
specifically designed for 3D edge estimation and propose
optional post-processing steps that yield additional perfor-
mance gains without being integral to the pipeline.

Another important aspect of our work is robustness to
variations in point cloud sampling and noise. Both, our ex-
periments and prior studies [23, 25], show that performance

can degrade substantially when sampling densities change

or noise is added. We hypothesize that our simplified end-

to-end architecture enhances robustness by eliminating the
dependency on intermediate representations or highly pa-
rameterized post-processing methods.

We evaluate PI3DETR on the ABC dataset [9] and com-
pare it to the state-of-the-art approach NerVE [25]. Our
results show that PI3DETR surpasses NerVE both quali-
tatively and quantitatively on this challenging benchmark.
Furthermore, we collect a small dataset of real world sen-
sor data to demonstrate the practical applicability of our
method. Our main contributions are:

* PI3DETR, a streamlined architecture that directly pre-
dicts 3D curve instances with different parameterizations
from raw point clouds.

* A geometry-aware prediction and matching strategy that
enables detection of cubic Bézier curves, line segments,
circles, and arcs within a single model.

» A simple yet effective optional post-processing procedure
for parametric curve prediction.

* State-of-the-art performance on the ABC dataset for 3D
parametric curve detection.

2. Related Work

As noted by Zhu et al. [25], a common strategy for paramet-
ric curve reconstruction is to first detect geometric primi-
tives such as corners and edges and then then fit curves in
a separate post-processing stage [6, 11, 13, 23]. PIE-NET
[23] follows this paradigm using a PointNet++ [16] back-
bone to classify points into corner, edge, or background
classes, after which a secondary network predicts curve pro-
posals between detected corner pairs and estimates their pa-
rameters. The method supports lines, circles, and B-splines,
and is trained on the ABC dataset [9].

EC-Net [24] addresses a related problem of edge-aware
point cloud upsampling by jointly learning point consolida-
tion and edge preservation. It predicts an edge confidence
score to guide new point placement along sharp features,
producing denser point clouds with crisper edges and cor-
ners compared to prior upsampling methods.

ComplexGen [6] discretizes point clouds into sparse
voxels and applies a 3D CNN [4] to extract features, which
are decoded via three DETR [3] decoder modules for ver-
tices, edges, and faces. The predictions are then assembled
into a CAD model by solving an integer linear program.

DEF [13] processes dense point clouds viaa CNN U-Net
[17] on range images to predict per point distance-to-feature
fields. After thresholding, it estimates corners, segments
curves, and constructs a connectivity graph that is optimized
to produce parametric lines, circles, and B-splines.

Unlike keypoint based approaches, NerVE [25] performs
volumetric edge detection by combining PointNet++ with a
3D CNN [4] to produce a voxel feature grid from the input



point cloud. Three encoder branches predict voxel occu-
pancy by edge points, their 3D coordinates, and their con-
nectivity to neighbors. From these predictions, piece-wise
linear curves (PWLs) are assembled and refined through a
dedicated post-processing step to form structured boundary
representations.

Since the introduction of DETR [3] for 2D object detec-
tion, its transformer-based architecture with set prediction
has been adapted to 3D tasks. 3DETR [14] extends DETR
to 3D bounding box detection directly on point clouds, us-
ing a set aggregation module [16] for downsampling fol-
lowed by Transformer [21] encoder and decoder blocks.
In contrast to DETR’s learned queries, 3DETR uses actual
point locations as queries, grounding predictions in the in-
put geometry.

Point2Primitive [22] addresses curve extraction as part
of CAD reconstruction. It applies PointNet++ to cluster ex-
trusion regions, then uses an adapted DETR to detect 2D
sketch primitives such as lines, circles, and arcs within each
extrusion. These sketches are combined with extrusion op-
erations to reconstruct complete CAD models.

3. Method

PI3DETR takes a 3D point cloud as input and predicts 3D
edges in the form of different curve types in a parameterized
way. In the following, we describe the training data, the
parameterization, and the model architecture.

3.1. Dataset and Ground Truth

The ABC dataset [9] is a standard benchmark for parametric
edge detection [13, 23, 25] and CAD reconstruction [6, 22],
providing paired CAD and mesh representations. Follow-
ing prior work [13, 23, 25], we focus on sharp edges in the
CAD models and apply the filtering protocol in Appendix A
to remove erroneous or inconsistent entries. We further re-
tain only models whose curves can be represented as cubic
Bézier curves, line segments, circles, or arcs, and contain at
most 100 curves. This yields 10,240 models, split into 80%
training, 10% validation, and 10% test. To create our 3D
point cloud dataset P, we sample 32,768 surface points for
each mesh in the remaining dataset. Triangle point pick-
ing [5] is used as the sampling method to promote gener-
alization, in contrast to approaches that primarily rely on
mesh vertices [25].

Parametrization and ground truth definition. Let P €
P denote an arbitrary point cloud from the dataset, and let
M be the number of parametric curves associated with P.
To adapt the curve representations of the CAD model un-
derlying P for the learning task, we extract curve vertices
and fit parametric primitives to each segment.

We denote each ground truth curve in P by an index
i € {1,...,M}. Each curve is assigned a class label
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Figure 3. Parametric representations of the four curve types used
for prediction: Bézier (B;), Line Segment (L;), Circle (C;), and
Arc (Ay).

¢; € {1,2,3,4} indicating its type: 1 for a cubic Bézier
curve, 2 for a line segment, 3 for a circle, and 4 for an
arc. The parameters for each curve type are defined as fol-
lows, and are illustrated in Fig. 3: A cubic Bézier curve
B; = [b$,b¢!, b2 b¢] (¢; = 1) is defined by four ordered
control points b$, b$!, b2 b¢ € R3, corresponding to the
start point, two control points, and the end point, respec-
tively. A line segment L, = [I",1},1}] (¢; = 2) is param-
eterized by a mid-point I € R3, a unit direction vector
I! € R3, and a length I} € R*. A circle C; = [cP, ¢}, c}]
(c; = 3) is defined by its mid-point ¢™ € R3, a unit nor-
mal vector ¢! € R? with ||c{|| = 1, and a radius ¢} € RT.
Finally, an arc A; = [a},a]",aS] (¢; = 4) is specified by
three ordered points a$, al, a$ € R3, denoting the arc’s start
point, mid-point, and end point.

All curve parameters and input point clouds are uni-
formly normalized with respect to the longest axis of the
mesh bounding box, preserving the geometric proportions
of the shapes (e.g., preventing circles from being dis-
torted into ellipses). After normalization, the point clouds,
the point-, and vector-based curve parameters lie within
[—1,1]3.

3.2. PI3DETR Overview

PI3DETR builds upon 3DETR [14] and extends its func-
tionality to predict geometric objects of different shapes, in
our case parametric curves, by incorporating a geometry-
aware matching framework. The main differences from
3DETR lie in the design of the prediction heads, the loss
functions, and the matching strategy, each of which is dis-
cussed in the corresponding paragraphs.

3DETR core. The input to PI3DETR is a point cloud
P C R? of N points with 3D coordinates only (no nor-
mals or colors). First, we use a set-aggregation module
(SAModule) [16] with farthest point sampling (FPS) [16]
to downsample to N’ points, ensuring even spatial cover-
age. For each downsampled point, the SAModule extracts
a d-dimensional local feature, which is linearly projected to
d’ and processed by Transformer encoder—decoder blocks
[21]. Unlike 3DETR, we apply layer normalization after
each block’s operations instead of using pre-norm [8]. The
encoder produces N’ point features, which the decoder pro-



cesses together with K query embeddings {q] , to pro-
duce K output embeddings {of}<, for curve predlctlon.
Following Misra et al. [14], we use non-parametric queries
obtained by FPS from the input cloud. Each query point g;
is encoded via sine positional encoding [21] and projected
with a feed-forward network (FFN) to form qg. The same
positional encoding is applied to encoder outputs before the
decoder, preserving spatial information lost during feature
extraction.

Prediction feed-forward networks (FFNs). Following
the parameterization in Sec. 3.1, we distinguish between
two prediction types: 3D point regression (control points,
centers, endpoints) and scalar regression (length, radius).
Each prediction head is implemented as a FFN parameter-
ized by 0") and takes a decoder output embedding o§- €
{0} }J<, as input.
For Bézier curves, 85 maps 0§ to four control points
[bS bCl bC2 be] € R**3_ For line segments, 8" out-
puts the mldpomt lm € R3 and unit direction l" € R3, while

6" predicts the length l; € R. For circles, 0 returns the
center &' € R? and unit normal ¢y € R3, and 8" estimates
the radius ¢ € R. We summarize the line segment and cir-

cle predictions as L; = [l;“, 1}’, l;] and C; = = [e]', e}, &), re-
spectively. For arcs, 04 predicts the start point, mid-point,
and end point A; = [a], ay,as] € R*3. A classifica-

tion head 6" maps o to p; € [0,1]° over the set {no-
object, cubic Bézier, line segment, circle, arc}, selecting
the curve type at inference. PI3DETR computes parameters
for all curve types from every 0?, while a geometry-aware
matcher assigns gradients only to the heads corresponding
to the ground-truth type during training.

For simplicity, we describe all positions as if they were
predicted directly. In practice, each point is obtained as an
offset from its associated query location ¢;, which stabilizes
learning and improves localization accuracy.

Geometry-aware matching. We match predicted 3D
curves to the ground truth using a cost-minimal bipartite
assignment. Each decoder output 05» € {og- le predicts
parameters for all four curve types, producing 4 - K curve
hypotheses. For a prediction j € {1,..., K} and ground
truth ¢ € {1,..., M}, the matching cost is

Cmatch(.j7 7/) = _ﬁj (Cz) + £param(ja i), (1)

where —p;(c;) is the negative class probability of query j
being class ¢; [3] and Lparam i a geometry-specific parame-

ter loss:
Eparam (J ) l) =
Liei=1} Loeq(B7.Bi) + Lic,—0) Lrybria (L, L)+ (2)
Liei—3) Loybria (Cjy Ciy ) + Lpp—ay Loeq (A, A).
For cubic Bézier curves and arcs parameterized as ordered

point sequences, we adopt an order-invariant ¢1-loss [7] to
account for direction ambiguity:

Lieg(X,X) = min{[|X — X1, [[rev(X) — X[:}, 3)

Here, rev(-) reverses the point order.
rev(B) = [b®, b2, be!, b¥].

Lines L = [1"™,1¥,1"] and circles C = [c¢,c", "]
share a hybrid point—vector—scalar representation (mid-
point/center, direction/normal, length/radius). The vector
is sign-ambiguous, so we evaluate both orientations for this
loss:

sm AV)

Lhybria(X, X) = min{]|(x™,%") — (x™,x")||1,

(&, x") = (X", ="} + [[2" = 2"y .

For example,

“)

Following [3, 14], we solve for the minimal-cost permuta-
tion 0 € G via the Hungarian algorithm [10], assigning
eachi € {1,..., M} to a unique j = o(i). The remain-
ing K — M predictions are matched to no-object entries
(cs(sy = 0). More details regarding the matching are pro-
vided in B.1.

Loss function. Let i € {1,...,K} be the index of a
ground truth curve from the extended list of ground truth
curves that includes the no-object class, and let j = o (i) €
{1,..., K} be the index of a prediction that was matched
with ¢ in the matcher. The total loss for such a pair (j,4) is
defined as

Liotal (37 Z) =Lcg (ﬁj» Ci) + ]l{ci;é()}'cparam (]7 i)+

Ci ci (5)
Lieiz0yLon (S5, 577,
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Figure 4. Optional post-processing steps: (a) S&F, (b) IoU Filter.



where Lcg(pj, ¢;) is the cross-entropy loss between the pre-
dicted class probabilities p; and ground truth class ¢;, Lparam
is the geometry-aware parametric curve loss, and Lcp is the
Chamfer distance (CD) loss. Here, S]cf and S denote the
64 uniformly sampled 3D points from the curves of class ¢;
using the respective parameters of j and <.

Predictions matched to a placeholder ground truth in-
stance with ¢; = 0 contribute only to the class prediction
branch through the cross entropy loss. We apply auxiliary
losses after each decoder layer as in [3, 14] and since our
dataset exhibits a class imbalance among curve types, we
use class weights in the cross entropy loss. The weight
computation and details of the CD loss are provided in
Appendix B.3 and for completeness, CD is defined in Ap-
pendix C.

Optional post-processing. We optionally apply two post-
processing steps to refine PI3DETR predictions and sup-
press duplicates, with their impact analyzed in the ablation
study (Sec. 4.3). Snap & Fit (S&F) snaps predicted curves
to the point cloud and refits them using its predicted class
(Fig. 4a), while an IoU Filter removes overlapping curves of
the same class based on sampled-point IoU and confidence
(Fig. 4b). More details are provided in Appendix B.2.
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Figure 5. Qualitative comparison of predicted curves using N =
32,768. Our method and NerVE (CAD) predict parametric curves,
while NerVE (PWL) produces piece-wise linear curves. NerVE
(CAD) may produce invalid predictions, shown as empty.

3.3. Implementation Details

PI3DETR is implemented in PyTorch [15] and builds on the
Transformer design of [3]. The SAModule [16] downsam-
ples each input cloud to N’ = 2048 points via FPS, com-
puting d = 256 features from 64 neighbors within 5-radius
0.2. Features are projected to d’ = 768 and fed to 3 Trans-
former encoder and 9 decoder layers, each with 8-head at-
tention, a two-layer FFN (hidden dim 1024), and dropout
[18] of 0.1. Sine positional encodings [21] are applied
to XYZ coordinates of encoder outputs and queries. Pre-
diction heads are four-layer FFNs (dim 768), except class,
line length, and circle radius heads, which use three layers;
all use LayerNorm [2] and ReLU [1]. Optimization uses
AdamW [12] with learning rate warm-up from 10710 to
10~* over 30 epochs, then decayed to 10~ at epoch 1230,
and gradient clipping at {5-norm 0.2. Models are trained for
1700 epochs on 2 NVIDIA TITAN RTX GPUs with an ef-
fective batch size of 128 via gradient accumulation. Losses
are normalized per-object. Data augmentation includes ran-
dom point dropout (85% probability, retaining at least 20%
points) and per-instance random 3D rotation.

4. Experiments

We evaluate PI3DETR through both qualitative and quan-
titative experiments, including comparisons with 3D edge
detection baselines, point sampling and noise robustness
tests, and ablation studies. Beyond baseline comparisons,
we demonstrate PI3DETR’s ability to directly regress para-
metric 3D curves, capturing rich geometric details both vi-
sually and quantitatively.

Configuration. Our unseen test set consists of 924 sam-
ples (see Sec. 3.1 for details). The data is normalized to
[—1,1]3 for evaluation and uniformly formatted to ensure
fairness and reproducibility. All runtime measurements are
conducted on an NVIDIA RTX 4090 GPU. Unless oth-
erwise specified, we use N = 32,768 input points and
K = 256 point queries at inference (with training per-
formed using K = 128) together with Snap & Fit (S&F)
post-processing, as this configuration provides the most sta-
ble performance across metrics according to our ablation
study (Sec. 4.3).

Metrics. Since no prior method uses the same curve
classes as PI3DETR, standard instance detection mean aver-
age precision (mAP) metrics are not directly applicable. Let
i€ {1,..., M} be ground truth curve and j € {1,..., K}
be prediction curve indices. For each curve, we sample
points gf (ground truth) or S;j (prediction) at intervals
of 0.01 along its type c; or predicted type ¢;. The aggre-
gated point sets Ui\i1 S¢ and Uszl S'JCJ are used to com-
pute Chamfer (CD) and Hausdorff (HD) distances, defined
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Figure 6. Qualitative comparison of curve instance predictions using N = 32,768. Our approach assigns the correct class at the appropriate
locations, while NerVE often falls back to long B-splines and does not support arcs. Bézier (ours) and B-spline (NerVE) share the same

color. NerVE may produce invalid predictions, shown as empty.

in Appendix C. We also report mAP for completeness and
future comparison, defining a match (4, j) as a true positive

if c; = ¢; and the CD between S¢* and S;J is below 0.005.

Baseline settings. Since NerVE [25] established the
state-of-the-art and outperformed prior methods, we primar-
ily compare PI3DETR against NerVE. For completeness,
we also attempted to set up PIE-NET [23] and DEF [13], but
PIE-NET has not released checkpoints for the second-stage
curve fitting and DEF’s curve extraction scripts were error-
prone and required non-trivial modifications to run reliably.
We do not consider segmentation-based approaches that op-
erate directly on the point cloud, as our focus is on paramet-
ric curve reconstruction methods. We evaluate NerVE us-
ing its released checkpoint and configuration. All reported
metrics are computed in [—1,1]® space after transforming
the outputs accordingly. NerVE predicts piece-wise lin-
ear (PWL) curves and fits parametric curves such as B-
splines, line segments, and circles through a sensitive post-
processing step that often fails to produce curves. In our
tables, the number of such failures out of 924 test samples
is shown as a superscript. For those cases, we exclude the
failed samples from metric computation rather than penal-
izing them. This favors NerVE in comparison to PI3DETR,
which always produced valid curves in the evaluations. Fol-
lowing our metrics protocol, we sample points at 0.01 inter-
vals along the parametric curves or PWLs to compute met-
rics. We denote the raw PWL outputs as NerVE PWL and

the post-processed curves as NerVE CAD. Although PWL
outputs are more comparable to segmentation and tend to
achieve higher metric scores due to voxel anchoring, we still
report them for completeness.

4.1. Comparison

We evaluate PI3DETR’s quantitative edge detection per-
formance in Tab. 1. With a CD of 0.0024 and an HD of
0.0635, our method clearly outperforms both NerVE CAD
and NerVE PWL. The performance gap is especially pro-
nounced for HD, where higher values indicate severe local
mismatches. For NerVE CAD, 77 cases fail during curve
fitting from the PWL outputs. By omitting failed cases from
NerVE CAD’s evaluation, the comparison is biased in its
favor, yet PI3DETR still significantly surpasses it. Beyond
accuracy, we do not only outperform the PWL setting but
also produce interpretable parametric curve instances di-
rectly, which the PWL outputs cannot provide.

For qualitative evaluation, Fig. 5 illustrates PI3DETR’s

Metric | NerVECAD  NerVE PWL Ours

CDJ 0.0401 (02077 0.0046 (£002 0.0024 (+ 0.02)
HD | 0.2478 (03577 0.1534 (0177 0.0635 (+ 0.07)
mAP T - — 0.8090

Table 1. Quantitative comparison with N = 32,768. Invalid pre-
dictions shown in superscript.
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Figure 7. Qualitative comparison on N = 32,768 affected by
noise (n = s/ 2¢?) to evaluate robustness.

strong prediction performance and also shows cases where
NerVE’s post-processing has difficulties converting PWL
outputs into valid CAD curves. In Fig. 6, we further present
our instance-level predictions and directly usable CAD out-
puts. Unlike NerVE CAD, which often produces overly
long and connected B-spline curves instead of lines or cir-
cles, PI3DETR infers semantically more meaningful and
structured curve instances.

4.2. Stress Testing

Point cloud density. To evaluate robustness, we vary
point cloud density N by randomly sub-sampling the test
set (Tab. 2). PI3DETR consistently achieves the lowest
CD and HD across all settings, with performance only de-
grading at N = 4,096. It surpasses all NerVE variants at
N = 8,192 for CD and N = 4,096 for HD. In the sparsest
setting, NerVE CAD produces 347 invalid outputs, while
our method remains fully valid. To further validate our end-
to-end design, we report results for the same sparse case
without the S&F post-processing, achieving a CD of 0.0049
and an HD of 0.0841, surpassing even the full pipeline.

Noise. To assess robustness against noise, we define three
levels 7 € 133, 553, 5.3, Where 7 is the standard deviation
of Gaussian noise added to the 3D coordinates and s denotes
the largest axis-aligned span of the point cloud. Results in
Tab. 3 show that PI3DETR consistently outperforms NerVE
CAD across all noise levels for both CD and HD, and also
surpasses NerVE PWL on HD. For CD, NerVE PWL per-
forms better at lower noise levels, but PI3DETR achieves
the best score once noise increases to 77 = 525. Without the
post-processing step, PI3DETR attains a CD of 0.0138 and
an HD of 0.1986, slightly weaker than the full pipeline yet
still surpassing the NerVE baseline, further demonstrating

N | NerVECAD  NerVE PWL Ours
‘ Chamfer Distance (CD) |
32,768 | 0.0401 (+020077  0.0046 (+002 0.0024 (+0.02)
16,384 | 0.1134 (043 7%  0.0061 (+002) 0.0025 (= 0.02)
8,192 | 0.2882 (x060) '3 0.0167 (004 0.0027 (+0.02)
4,096 | 0.4562 +068)°%  0.0984 (+027) 0.0050 (= 0.03)
‘ Hausdorff Distance (HD) |,
32,768 | 0.2477 +035 77  0.1534 (017 0.0635 (+0.07)
16,384 | 0.3961 (049 7%  0.2008 (0200 0.0634 (= 0.07)
8,192 | 0.6436 (+066) 3  0.2987 (+025 0.0680 (+ 0.08)
4,096 | 0.8665 (+074)7% 04918 (+042) 0.0857 (+ 0.10)

Table 2. Robustness comparison under varying point cloud den-
sities (IN) from 32,768 to 4,086. Invalid predictions shown in
superscript.

Noise | NerVECAD  NerVE PWL Ours
‘ Chamfer Distance (CD) |
n=s/1e? | 0.0311 o2 ®  0.0061 =002 0.0113 (&006)
n=s/5e% | 0.0194 o013 ’% 0.0121 004 0.0129 & 006)
n=s/2e% | 0.0164 o004 *?  0.0211 £005) 0.0134 & 0.06)
‘ Hausdorff Distance (HD) |
n=s/le? | 02306 *030% 0.2530 @022 0.1471 0.1
n=s/5e? | 0.2743 025 0.3581 023 0.1684 (+0.12)
n=s/2e% | 0.3086 (x020)%7 03874 (£023) 0.1946 (0.12)

Table 3. Robustness comparison under varying point cloud noise
(n) from s/1€® to s/5e* where s is the point clouds span. Invalid
predictions shown in superscript.

its end-to-end robustness.

Although PI3DETR degrades relative to the noise-free
setting, it remains consistently more robust than NerVE as
noise increases. The stronger CD of NerVE PWL at low
noise can be attributed to spurious PWLs detected in noisy
point clouds, which lower CD but increase HD. This effect
is visible in Fig. 7, which shows predictions of all methods
for 7 = 5%, and is consistent with the higher HD values re-
ported in Tab. 3 or an invalid prediction percentage of 46%.

4.3. Model Ablation

Point queries. Since PI3DETR employs non-parametric
point queries [14], the number of queries K can be var-
ied at inference time. Tab. 4 presents an ablation study
for K € {128,256,512}, where results are reported after
Snap & Fit (S&F) post-processing and runtimes are mea-
sured in seconds. For the main metrics, K = 128 achieves
the best overall mAP, K = 256 yields the lowest Cham-
fer Distance (CD), and K = 512 performs best in terms of
Hausdorff Distance (HD). Notably, K = 128 provides the
strongest mAP across almost all primitives, with the excep-



K=128 K=256 K=512
Geometric Quality (CD, HD) |
CD | 0.0026 (+0.02 0.0024 (+0.02) 0.0025 (+0.02)

HD | 0.0671 (008 0.0635 (& 0.08)

Detection (AP) 1

0.0629 (+ 0.07)

Bézier 1 0.6156 0.6184 0.5960
Line T 0.9416 0.9192 0.9203
Circle 1 0.9045 0.8871 0.8824
Arc T 0.8373 0.8114 0.8063
mAP 1 0.8247 0.8090 0.8012
Timing (sec) |
Model | | 0.1128 (+0.02) 0.1181 (£0.03) 0.1337 (+0.03)
S&F | 0.0423 (£ 0.05 0.0742 (0100 0.1323 (+£0.19)

Table 4. Evaluation metrics for different numbers of point queries
K and N = 32,768. All results are reported with Snap & Fit
(S&F) post-processing. Runtimes are measured in seconds.

Configuration \ CD | HD | mAP 1
No Post-processing | 0.0025 (+0.02) 0.0663 (+007) 0.8043
+ Snap & Fit 0.0024 (002  0.0635 (+ 007 0.8090
+ IoU Filter 0.0024 (=002 0.0636 (+007) 0.7981

Table 5. Ablation study of the optional post-processing methods
evaluated with K = 256 queries and N = 32,768.

tion of cubic Béziers where K = 256 slightly outperforms
it. Overall, K = 256 emerges as the most stable configu-
ration, balancing CD, HD, and mAP, whereas HD degrades
significantly for K = 128. In terms of efficiency, K = 128
achieves the lowest runtime, while X = 512 incurs the
highest due to processing more output curves. The end-to-
end runtime (inference plus S&F) is 0.1551s, 0.1923s, and
0.2660s for K = 128, 256, and 512, respectively.

Post-processing. We also evaluate performance without
post-processing. As shown in Tab. 5, even without refine-
ment PI3DETR achieves strong results. Applying S&F of-
fers slight improvements in CD and mAP, with a more no-
ticeable gain in HD, suggesting that S&F effectively miti-
gates large errors. Interestingly, the IoU-based filtering step
does not improve results, which may be explained by the
frequent occurrence of thin structures in the dataset, where
closely aligned curves risk being mistakenly suppressed.

4.4. Real World Evaluation

The ABC dataset does not contain any real-world object
scans in the form of point clouds. To demonstrate our
model’s generalization to unseen, real-world data, we gen-
erated several CAD models of varying complexity that were
not part of the ABC dataset. These models were 3D-printed

Mesh / Scan

Ours

NerVE CAD

Figure 8. Qualitative comparison of edge detection results on real-
world scanned CAD models unseen during training.

and scanned with a 7-DOF robotic system equipped with
a structured light sensor. Data acquisition followed the in-
spection plan proposed by Staderini et al. [19, 20]. The
resulting dense point clouds were randomly sub-sampled to
N = 32,768 points for inference. Fig. 8 shows the original
mesh, the scanned point cloud, and our results, producing
curves consistent with how the edges would be represented
in a CAD model. NerVE fails on the right mesh and pro-
duces inconsistent, irregular curves on the others.

5. Conclusion

We presented PI3DETR, an end-to-end framework for de-
tecting differently parameterized 3D curve instances in
point clouds in a single forward pass. By incorporating a
geometry-aware matching strategy, PI3DETR removes the
need for intermediate representations or multi-stage pro-
cessing and can optionally use simple post-processing steps.
We achieve state-of-the-art performance, lowering CD on
the ABC dataset by almost half compared to NerVE, and is
particularly robust on sparse point clouds. PI3DETR’s limi-
tations are the need for extensive training to achieve optimal
results, the lack of a fallback for misclassified curves, and
the challenge of directly regressing curves without explicit
point associations. Nevertheless, its simplicity makes it a
powerful foundation for future advances in 3D curve detec-
tion and geometric reasoning, paving the way toward more
structured and intelligent 3D understanding.
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