SketchSplat: 3D Edge Reconstruction via Differentiable
Multi-view Sketch Splatting

Supplementary Material

Summary. In this supplementary material, we elaborate
on the following topics:

* Sec. 7 provides details of our proposed edge detector
2DGS-SN, along with visual comparisons against exist-
ing 2D edge detectors.

» Sec. 8 presents an alternative depth estimator for 2D edge
detection.

* Sec. 9 evaluates the robustness of our method under noisy
initialization.

* Sec. 10 discusses the necessity of the sketch filtering op-
eration.

* Metric definitions used in the main paper are detailed in
Sec. 11.

e Sec. 12 presents additional qualitative results, including
20 scenes from the ABC-NEF dataset.

e In Sec. 13, we report quantitative results on the DTU
dataset.

e Sec. 14 compares our method with a feed-forward
method.

* Finally, Sec. 15 discusses the limitations of our approach.

7. Details of 2D Edge Detector

We show the accuracy of 2DGS-SN by comparing with
PiDiNet [9] and DexiNed [8]. From Fig. 5 (b), we can
see 2DGS-SN produces accurate edges, where the object
boundary locates at the center of the predicted edge pixels.
Both PiDiNet and DexiNed (Fig. 5 (c, d)) detect edges with
slight offsets, positioning them far from the object bound-
aries. According to Tab. 1 in the main paper, this slight
offset introduces significant multi-view inconsistency and
ambiguity, resulting in degraded performance. This also ex-
plains why EdgeGS [3] achieve much higher F10 and F20
scores than EMAP [6], but lower F5 scores.

8. Alternative 2D Edge Detector

The core insight of 2DGS-SN is that geometric cues (e.g.,
depth and normal) offer higher pixel-level accuracy and
are thus more robust than pure learning-based edge detec-
tors [8, 9]. Based on this observation, we demonstrate that
other geometry estimation methods such as DepthPro [2]
can be alternative components of our 2DGS-SN. We replace
2DGS depth maps with the ones from DepthPro and test its
performance. DepthPro is significantly faster than 2DGS,
as it avoids per-scene optimization. However, its accuracy
is lower due to unstable edge detection caused by multi-
view inconsistent depth scales (see Tab. 6). In contrast,

(a)RGB

(b)2DGS-SN

(c) DexiNed (d) PiDiNet
Figure 5. Visual comparison of different edge detection methods.
Our 2DGS-SN provides more accurate edge detections results that
align well with the object boundaries.

Method Detector Al Cl RSt P57  F51
EdgeGS 2DGS-SN 74 72 757 869 803
Ours 2DGS-SN 68 58 908 929 913
EdgeGS | DepthPro-SN | 10.6 7.0 755 81.8 779
Ours DepthPro-SN | 92 54 903 875 87.8

Table 6. Ablation on 2D edge detector. We ablate the depth predic-
tion methods (2DGS [4], DepthPro [2]). 2DGS shows better performance
since it produces multi-view consistent depth maps. All experiments use
EdgeGS as initialization method.

2DGS [4] provides depth maps with a multi-view consistent
scale, therefore a single threshold ¢4 in Eq. 3 is sufficient to
detect consistent edges. Choosing 2DGS (higher accuracy)
vs. DepthPro (faster) is therefore a trade-off between effi-
ciency and quality.

9. Robustness to Initialization

To illustrate the robustness of our method, we inject Gaus-
sian noise & ~ N(0,0?%) to the parameters of the edges
initialized from EdgeGS. Fig. 6 and Tab. 7 show that our
method performs robust even with noisy initializations and
only degrades when initial edge lengths become excessively
large relative to the scene size, which rarely occurs in prac-
tice. Exploring alternative initialization methods would be
an interesting topic for future work.

10. Necessity of Sketch Filtering

In the main paper, the proposed filtering operations seem to
have little effect on the metrics (Tab. 3), as the edges initial-
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(c) Ours Results on Initialization with different noise

Figure 6. Performance under noisy initialization. We add Gaussian noise § ~ A(0, ) to our initialization edges (from EdgeGS).
On ABC-NEEF, our method remains robust within reasonable noise levels but degrades when initial edge lengths become excessively large
relative to the scene size 1m®(o > 0.02), which is rare in our experiments.

Method | Noise (o) Al Cl R5t P51t F51
EdgeGS - 74 72 757 869 803
Ours - 6.8 58 908 929 913
Ours 0.01 6.7 57 91.0 929 914
Ours 0.02 6.6 62 910 924 912
Ours 0.05 7.4 84 873 843 852
Ours 0.10 214 175 658 541 583

Table 7. Performance under Noisy Initialization. We present results
with noisy initialization by adding Gaussian noise to the input edge pa-
rameters (on ABC-NEF dataset). Compared to the baseline EdgeGS,
our method performs significantly better within a reasonable noise level
(o < 0.05 for a 1m? scene). All results use 2DGS-SN as edge detector.

Method | Noise (o) Topo Al C| R5t P51t F5t
Ours - all 68 58 90.8 929 913
Ours 0.02 all 6.6 62 910 924 912
Ours 0.02 nofilter | 7.0 59 91.0 90.7 904

Table 8. Effectiveness of Filtering Operations under Noisy Initializa-
tion. We evaluate performance under noisy initialization by adding Gaus-
sian noise to the input edge parameters on the ABC-NEF dataset. Without
filtering, the method shows a clear drop in accuracy.

ized from EdgeGS are already clean. However, under poor
initialization, filtering becomes essential for improving ac-
curacy. We demonstrate this using a pseudo noisy initializa-
tion scenario, where we add Gaussian noise to the initialized
edge parameters with 0 = 0.02 and examine the effect of
filtering. Tab. 8 shows that without filtering, the method
suffers a noticeable accuracy drop and slightly higher com-
pleteness, confirming our assumption.

11. Details of Metrics

We provide the details of the used metrics in experiments.
The ABC-NEF dataset [5, 11] provides ground-truth edges,
which can be used for quantitative evaluation of 3D para-

metric edge reconstruction. To compute the metrics, we
sample points along the predicted edges and compare them
with points sampled at the same resolution from the ground-
truth edges.

Accuracy (A) is defined as the average distance from
predicted points to their nearest ground-truth points, while
completeness (C) measures the average distance from
ground-truth points to the closest predicted points. Lower
values indicate better performance for these metrics.

For a given distance threshold 7, precision P(7) repre-
sents the proportion of predicted points with at least one
corresponding ground-truth point within 7. Conversely, re-
call R(7) indicates the percentage of ground-truth points
that have a predicted counterpart within the same thresh-
old. The F-score F(7) is the harmonic mean of precision
and recall, formulated as:

P(r)R(7)

2
F(r) = P(1)+ R(7)

ey

For precision, recall, and F-score, higher values indicate
better performance. We report these metrics for thresholds
of 5, 10, and 20 millimeters (mm). All of the CAD objects
are scaled such that the longest edge of the bounding box is
normalized to 1 meter (m).

12. More Visual Results

We provide more visualization results (20 scenes) on ABC-
NEF dataset [5, 11] in Fig. 7, Fig. 8, Fig. 9, and Fig. 10.
These figures show that our method achieves state-of-the-
art accuracy and completeness compared to existing ap-
proaches.



Sean | LIMAP[7] [ NEF[11] | NEAT[I0] | EMAP[6] | EdgeGS* [3] Ours Ours (Topo)
RSt P5t | RSt P5t | RSt PSt | RSt PS5t | RSt PS5t | RSt PSt | R5t P5t

37 | 758 743 | 395 510 | 63.9 851 | 62.7 839 | 79.4 766 | 787 802 | 782 789
83 | 757 507 | 320 218|723 524|723 615|778 626 | 765 64.0 | 742 628
105 | 791 649 | 303 320 | 689 733|785 78.0 | 726 688 | 740 720 | 71.6 723
110 | 79.7 653 | 312 402 | 643 79.6 | 90.9 683 | 834 603 | 850 66.8 | 83.5 66.1
118 | 594 620|153 252|590 711|753 781|745 686 | 735 705|712 70.1
122 | 799 792 | 151 29.1 | 700 820 | 853 829 | 850 827 | 868 83.0 | 83.6 81.9
mean | 749 66.1 | 272 332 | 664 739 | 775 754 | 788 70.0 | 791 728 | 77.0 720

Table 9. 3D Edge Reconstruction on the DTU dataset [1]. Our SketchSplat performs on par with EMAP [6] and EdgeGS* [3] (EdgeGS*
denotes the results reproduced with the code released by the authors [3]). Ours(Topo): ours with topology control.

Method Tnput Al CI R5T P5t 57
EMAP 2DGSSN | 88 79 635 704 663
EdgeGS 2DGSSN | 74 72 757 869 803
Ours 2DGSSN | 68 58 908 929 913
NerVE (PWL) | 2DGS | 180 35.7 405 623 484
NerVE(CAD) | 2DGS | 153 1173 240 577 323

Table 10. Comparison with feed-forward method NerVE on
ABC-NEF dataset. For NerVE, we train a 2DGS and extract sur-
face points as input. It turns out that NerVE is sensitive to noise
in the input and produces incomplete and inaccurate edges. Our
method use EdgeGS as initialization.

13. Quantitative Evaluation on DTU dataset

Tab. 9 shows the evaluation results on six scenes in the DTU
dataset [1]. We reproduce EdgeGS [3] using its released
code and configuration (denoted as EdgeGS¥*) to initialize
sketches for our method. As shown in Tab. 9, SketchSplat
without topological operations achieves comparable results
to EMAP [6] and slightly outperforms EdgeGS, demon-
strating its effectiveness in correcting misalignment be-
tween 3D edges and 2D edge images. However, incorporat-
ing topological operations slightly reduces recall, as merg-
ing reduces redundant edges, whereas the pseudo ground-
truth favors duplicated edges in PS and R5 due to the thick-
ness of the GT annotations (see Fig. 4 in the main paper).

14. Comparison to Feed-forward Baseline

We also compare against a feed-forward 3D line detection
method. To evaluate methods like NerVE [12], we first re-
construct a point cloud from the input images (e.g., using
2DGS), then input it to the pretrained NerVE model to pre-
dict 3D edges. As shown in Tab. 10, NerVE performs sig-
nificantly worse than our method and the baselines, sug-
gesting that optimization-based methods remain more ro-
bust and generalize better, while feed-forward approaches
are more sensitive to noisy inputs.

15. Limitations

Objects with thin structures. Though our method per-
forms well on small structure (like scene 7551 in ABC-NEF
dataset), our merge mechanism may fail when edges with
distance close to or lower than our merging threshold (such
as the case shown in the first raw of Fig. 11).

Wrong supervision. Like previous methods [3, 6, 11],
our approach also encounters the challenge of incorrect
edge supervision. During rendering, both visible and invis-
ible edges from a given view are projected onto 2D images.
As a result, some invisible edges may receive positive su-
pervision, leading to misplaced edges that are difficult to fil-
ter out. This issue is illustrated in the second row of Fig. 11.

Edge detection Although the proposed edge detector
2DGS-SN is accurate, we found when both depth recon-
struction and normal estimation fail, some small structure
such as small circles will not be detected in 2D edge im-
ages. This leads to edge missing in the reconstructed 3D
edges. Further improving the edge detection method may
resolve this problem.
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Figure 7. More qualitative results on ABC-NEF dataset [11].
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Figure 8. More qualitative results on ABC-NEF dataset [11].

(d) EMAP (e) EdgeGS (f) SketchSplat (Ours)

(f) SketchSplat (Ours)

OQ@DT

(g) GT 3D edges

G AV

(g) GT 3D edges



16058%
1 &BE

&y
i o

} N ,\"\\': \\\
% N o AT

(a) CAD model (b) LIMAP (c) NEF (d) EMAP (e) EdgeGS () SketchSplat (Ours) (g) GT 3D edges

Figure 9. More qualitative results on ABC-NEF dataset [11].
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Figure 10. More qualitative results on ABC-NEF dataset [11].
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Figure 11. Failure cases. Our method struggles with very thin structures and the wrong edges.
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