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A.1 Complete quantitative results

For the sake of completeness, we report in Tabs. A.3a, A.3b, A.4a, A.4b, A.5a, A.5b, A.6a and A.6b
the mean results on the datasets and methods used in the main paper, alongside their respective
standard deviations. We also report the results of DC-based methods on point cloud reconstruction
from CAP-L [12] and DiffUDF [4] in Tab. A.2. We observe that the trends are consistent with
the median results shown in the main paper, with our method outperforming all baselines at high
resolutions on complex shapes, and competing closely with existing methods at lower resolutions and
on simpler shapes. The standard deviations computed on our method are also consistently lower than
the baselines at high resolution, while remaining competitive at lower resolutions, showing that our
method is also more robust to shape variations compared to existing baselines. As in the main tables,
notice that UNDC [3] failed to reconstruct meshes at high resolution due to the method’s VRAM
requirements. DCUDF [6] failed to reconstruct some of the shapes in the experiments, producing
unbound metrics. We discard such shapes from the reported results of DCUDF, which means that its
numbers are not directly comparable to the other baselines.

A.2 Implementation details and other ablation studies

Table A.1: Number of additional training iterations. Median Image Consistency (IC 1) of the last iteration
at resolution 512. *Resolution is halved.
Max training iter. \ MGN#* Cars Chairs Planes

1 iter. 94.9 88.5 86.2 87.0
3 iter. 94.9 88.4  86.0 86.8
5 iter. 94.8 88.9 872 87.1
7 iter. 94.9 88.5 859 86.5

Our network architecture consists of 2 fully connected hidden layers, with 1024 nodes each, and an
output layer with 128 outputs. The input layer accepts UDF values and gradients at the 8 cell corners,
making up 32 inputs. Additionally, 128 inputs per cell are needed to enable multiple iterations. We
consider the current cell and the 6 cells that share a face with it, for a total of 7 * 128 additional
inputs, which brings the total number of input nodes to 928 and the total number of trainable weights
to around 2.1M. Each layer, except for the final one, is followed by a leaky ReLU activation function
with a negative slope of 0.01. The output layer is followed by a sigmoid activation before being used
as input for the next iteration, and by a softmax function for the cross entropy loss. The network is
trained using the Adam optimizer [7] with a learning rate of 5 x 10~ for 50 epochs.

The learning rate is lower than in [10], with more epochs. We have found this helps our iterative
process converge better. For training, we use the first 80 watertight shapes from ABC [8] sampled at
resolution 1282, yielding around 5.5M training cells. As mentioned in the method section of the main
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Table A.2: Neural Unsigned Distance Fields from point clouds (DC-based methods). L2 Mesh Chamfer
Distance x 105 with 2M sample points (CD), F1 score (F1) and Image Consistency (IC) are reported at varying
grid resolutions. Median scores are reported for cars; mean for scenes due to the low number of samples. The
best results are in bold. UNDC failed at resolution 512 due to its large GPU memory requirements.

CAP-L scenes [12] CAP-L cars [12] DiffUDF cars [4]

Res. Method |cD) FIt ICt|CD| FIt ICt|CD| FIt ICt
UNDC [3] 334 697 844 | 785 494 855| 446 59.1 87.6
DualMesh-UDF [11] 535 634 695 | 944 504 856 | 603 623 84.9
128 NSD-UDF + DualMesh-UDF [10] | 33.6 69.8 84.5| 549 524 872 | 3.07 682 882
Ours + DualMesh-UDF 336 700 844 | 535 528 87.3| 368 653 88.1
UNDC [3] 785 69.1 769 | 777 485 842 | 684 561 809
DualMesh-UDF [11] 504 630 683 | 851 492 849 | 501 619 83.1
256 NSD-UDF + DualMesh-UDF [10] | 343 689 834 | 674 497 865 | 272 723 883
Ours + DualMesh-UDF 220 499 796 | 635 50.6 869 | 289 700 88.5

UNDC [3] - - - - - - - - -
DualMesh-UDF [11] 517 598 618 | 926 463 835 | 507 594 794
512 NSD-UDF + DualMesh-UDF [10] | 352 665 77.9 | 7.69 470 857 | 335 69.6 85.6
Ours + DualMesh-UDF 340 686 828 | 781 482 865| 2.6 733 884

paper, we limit the number of additional training iterations to 5. In Tab. A.1, we provide an ablation
study showing that training the network with a single additional pass already achieves good results,
with 5 iterations achieving the best. Using even more iterations did not bring measurable benefits.
The training takes around 2 hours on an NVIDIA A100-40G GPU.

As an ablation, we also trained the network without the noise augmentation described in the method
section of the main paper. The method presented in this work achieved a median Mesh Chamfer
Distance x107° of 5.64, 5.23 and 8.84 at resolutions 1283, 2563 and 5123 respectively, using the
UDF auto-decoder trained on ShapeNet [2] cars in Section 4.3 of the main paper. Without noise
augmentation, the same experiment achieved 8.01, 12.5 and 47.8 respectively, showing that the noise
augmentation is crucial to achieve good performance in practical scenarios.

A.3 Training convergence

In the method section of the main paper we state that our pipeline applies a sigmoid function to the
network outputs before using them as input for the next iteration. We have experimentally found that,
when using an identity activation (i.e. direct input) and training with only one iteration, the network
goes from an IC of 87.0 on ShapeNet [2] cars at resolution 512 to 88.6, however it starts diverging
after that. Using a softmax activation, which helps normalizing the otherwise unbound network
outputs, the training converges, but the network does not produce significant improvements over
iterations, going from an IC of 87.3 to 87.5 after two iterations. Using a sigmoid activation, instead,
showed a more steady improvement over iterations, going from 87.6 to 88.5 after one iteration, and
88.9 after an additional one. However, training it with more than one iteration did not show significant
improvements. Using a random number of training iterations, instead, helped the network to converge
until 5 iterations, achieving similar IC scores but better CD scores (9.90 x 1075 vs 8.84 x 107?), as
shown in the main paper, signifying an overall similar accuracy but better surface retrieval capabilities
at high resolutions.

A.4 Auto-decoder training

For our auto-decoder experiments we used the traditional auto-decoder architecture proposed in
DeepSDF [9]. The input meshes are rescaled and centered within a [—1,1]* volume, and during the
data preparation phase, training points are sampled. For each mesh, 20k points are uniformly sampled
within the volume, while 400k points are sampled near the surface. To obtain the surface points, 200k
points are first uniformly distributed on the surface, and then small amounts of Gaussian noise are
added. Gaussian noise with a mean of 0 and a standard deviation of 1/0.005 is applied to the first
200k surface points, and noise with a mean of 0 and a standard deviation of 1/0.0005 is added to the
remaining 200k points. The auto-decoder network consists of 12 layers, each with 1024 hidden nodes
and ReLU activations, and latent codes of size 512. It is trained using L1 loss, without regularization
or Fourier encoding, for 10k epochs with a batch size of 16. To focus the network’s capacity on the



Table A.3: Triangulating auto-decoder-based Neural Unsigned Fields using Marching Cubes-based
method. L2 Mesh Chamfer Distance x 10~ with 2M sample points (CD), F1 score (F1) and Image Consistency
(IC) are reported at varying grid resolutions. The best results are in bold. DCUDF failed to mesh some of the
shapes, but its numbers are reported nonetheless. *Resolution is halved for experiments with MGN due to the
lower complexity of the shapes.

(a) Mean results.

MGN* [1] ShapeNet cars [2] ShapeNet chairs [2] ~ ShapeNet planes [2]

Res. Method | cOy FIt ICt|CDJ FIt ICt|CDJ FIt ICt|CD) FIft ICt

CAP-UDF [12] 19.7 682 786 | 71.7 495 81.8 518 513 689 | 195 68.1 79.0

MeshUDF [5] 2.79 82.0 933 | 119 579 887 | 218 68.0 887 | 194 735 81.0

128-MC DCUDF [6] 14100 3.40 3.84 | 8000 10.6 13.7 | 22700 14.4 16.8 | 2900 289 243

DCUDF-T [6] 116  3.04 866 | 665 554 86.8| 2720 652 782 | 902 69.4 78.8
DCUDF-T-nocut [6] : ; - | 144 609 892 - B B : y N

NSD-UDF + MC [10] 1.55 829 941 | 940 599 885 17.7 68.7 885 | 472 78.0 845

Ours + MC 226 80.8 934 | 679 595 889 | 727 678 895 | 349 776 84.8

CAP-UDF [12] 3.23 854 912 | 483 58.8 86.2 223 655 785 | 895 832 850

MeshUDF [5] 1.16 882 945 | 17.1 61.1 882| 671 698 854 | 483 852 85.1

256-MC DCUDF [6] 18200 5.17 4.12 | 1090 50.6 75.1 | 7900 50.7 553 | 278 824 802

DCUDF-T [6] 103  86.1 94.8 | 1080 50.3 75.0 | 7840 50.7 553 | 797 80.1 779
DCUDF-T-nocut [6] - - - 684 564 80.7 - - - - - -

NSD-UDF+MC [10] | 0.973 88.7 948 | 147 612 876 | 53.7 69.8 854 | 381 869 852

Ours + MC 1.02 876 944 | 726 631 89.0| 106 706 893 | 2.64 882 86.6

CAP-UDF [12] 2.14 89.1 94.1 | 48,6 602 864 202 679 793 | 894 873 855

MeshUDF [5] 1.18 893 944 | 136 544 788 | 799 575 642 | 212 874 834

512-MC DCUDF [6] 494 858 88.8 | 478 529 80.2 | 7510 557 63.8| 199 84.1 81.0

DCUDF-T [6] 32.8 859 889 | 478 529 802 | 7380 559 642 | 284 832 799
DCUDF-T-nocut [6] - - - 614 585 847 - - - - - -

NSD-UDF + MC [10] 1.08 89.5 944 | 80.8 56.8 82.0 394 629 712 | 134 88.2 83.8

Ours + MC 0.880 893 944 | 123 634 882 | 366 71.6 865 | 331 90.1 86.5

(b) Standard deviation for each metric, computed across the dataset.

MGN* [1] ShapeNet cars [2] ShapeNet chairs [2] ~ ShapeNet planes [2]
Res. Method ‘ CD F1 IC ‘ CD F1 1C ‘ CD F1 IC ‘ CD F1 IC

CAP-UDF [12] 12.1 783 346 | 519 122 569 | 649 154 147 | 213 5.63 345

MeshUDF [5] 1.28 79 234|521 121 222 303 139 558 | 274 554 256

128-MC DCUDF [6] 561 0.901 1.08 | 5560 4.81 5.74 | 18800 8.78 16.0 | 3010 7.84 7.45

DCUDF-T [6] 169 1.30 397 | 576 114 428 | 5020 14.0 17.6 | 1400 6.72 6.79
DCUDF-T-nocut [6] - - - 9.59 11.1 249 - - - - - -

NSD-UDF + MC [10] | 0.817 7.87 191 | 524 122 233 | 28.0 137 564 | 287 6.10 228

Ours + MC 0872 7.75 209 | 3.16 11.7 192 | 8.55 134 493 | 149 6.02 1.89

CAP-UDF [12] 4.83 7.23 237 | 408 12.6 4.46 220 159 127 | 744 532 3.03

MeshUDF [5] 0.733  6.78 1.56 | 11.7 11.6 2.64 | 749 143 851 | 418 551 241

256-MC DCUDF [6] 12700 2.22  1.86 | 3250 14.0 152 | 9500 17.7 199 | 664 845 6.52

DCUDF-T [6] 12.5 7.00 1.68 | 3250 14.0 15.1 | 9440 17.6 199 | 1440 8.70 7.70
DCUDF-T-nocut [6] - - - 519 123 7.02 - - - - - -

NSD-UDF + MC [10] | 0.636 6.78 145 | 103 11.8 2.79 | 68.9 144 836 | 3.04 580 3.13

Ours + MC 0.557 655 146 | 391 108 1.95 13.0 140 5.12 | 2.37 437 2.06

CAP-UDF [12] 3.97 6.78 1.80 | 40.6 124 4.19 217 13.8 122 | 7.65 4.03 3.20

MeshUDF [5] 1.30 6.63 142 | 115 129 834 964 163 17.8 | 200 530 4.67

512-MC DCUDF [6] 362 102 7.60 | 989 147 128 | 9890 19.0 22.0 | 537 835 499

DCUDF-T [6] 219 998 733 | 989 147 128 | 9950 19.0 225 | 774 853 593
DCUDF-T-nocut [6] - - - 474 124 551 - - - - - -

NSD-UDF + MC [10] 1.09 6.66 148 | 657 12.8 6.40 442 151 158 | 11.3  5.08 4.38

Ours + MC 0.563 649 127 | 841 112 248 | 485 127 755|283 4.08 273

surface, the UDF is clamped to 0.1. The Adam optimizer [7] is used with learning rates of 0.0005 for
the model and 0.001 for the latent codes, with learning rate decay applied at epochs 1600 and 3500
by a factor of 0.35.

A.5 Different auto-decoder UDF architecture

To test the robustness of our method to different UDF architectures, we trained an auto-decoder
with a different architecture: using a softplus activation function and Eikonal loss with a weight of



Table A.4: Triangulating auto-decoder-based Neural Unsigned Fields using Dual Contouring-based
methods. L2 Mesh Chamfer Distance x 10~ with 2M sample points (CD), F1 score (F1) and Image Consistency
(IC) are reported at varying grid resolutions. The best results are in bold. UNDC failed at resolution 512 due to
high GPU memory requirements. *Resolution is halved for experiments with MGN due to the lower complexity
of the shapes.

(a) Mean results.

MGN* [1] ShapeNet cars [2] ShapeNet chairs [2] ~ ShapeNet planes [2]
Res. Method |CD|l F1t ICt|CDJ| FIt ICt| CD| Fit ICt|CD| Fi1t ICt
UNDC [3] 126 86.1 938 | 17.1 608 86.0| 91.3 668 788 | 3.82 81.8 857
DualMesh-UDF [11] 1120 61.1 60.9 | 1600 33.0 42.8 | 12400 150 13.0 | 341 724 723
128-DC DualMesh-UDF-T [11] 0939 887 949 | 745 626 894 | 19.1 714 887 | 291 833 873
NSD-UDF + DualMesh-UDF [10] | 0.901 89.2 94.5| 860 639 89.1 | 173 702 883 | 3.12 859 86.5
Ours + DualMesh-UDF 0904 892 945 | 589 642 89.7| 728 70.1 89.8 | 2.21 86.7 88.0
UNDC [3] 132 879 912 | 122 492 690 | 598 509 559 | 214 819 787
DualMesh-UDF [11] 993  60.0 59.0 | 1440 333 42.6 | 11900 152 13.0 | 158 76.1 725
256-DC DualMesh-UDF-T [11] 0.899 89.7 947 | 143 618 86.6| 622 69.0 824 | 326 878 86.8
NSD-UDF + DualMesh-UDF [10] | 0.838 89.5 943 | 156 61.8 870 | 560 683 824 | 372 883 854
Ours + DualMesh-UDF 0806 895 944 | 757 635 885 | 125 69.2 86.7 | 2.66 893 87.3
UNDC [3] 6.86 83.0 812 - - - - - - - - -
DualMesh-UDF [11] 948 584 57.1 | 1560 322 41.1 | 12400 147 122 | 172 756 70.6
512-DC DualMesh-UDF-T [11] 125 888 927 | 51.7 554 779 | 211 60.6 672 | 7.68 87.7 83.7
NSD-UDF + DualMesh-UDF [10] | 1.13 88.2 919 | 863 543 77.8 | 412 584 639 | 138 86.7 82.1
Ours + DualMesh-UDF 0899 882 923 | 135 610 851 | 389 67.1 80.1 | 347 89.0 852

(b) Standard deviation for each metric, computed across the dataset.

MGN* [1] ShapeNet cars [2] ShapeNet chairs [2]  ShapeNet planes [2]
Res. Method | CD Fl IC | CD Fl IC | CD Fl IC | CD FI IC
UNDC [3] 0.651 6.80 143 | 11.6 12.0 326 | 944 155 112333 577 2.69
DualMesh-UDF [11] 2470 25.6 2542090 120 13.2| 12800 12.0 113 | 995 10.8 122
128-DC DualMesh-UDF-T [11] 0.561 6.51 136 | 417 105 210 | 293 135 594|258 534 194
NSD-UDF + DualMesh-UDF [10] | 0.546 6.48 1.50 | 5.14 114 221 | 272 133 555|276 496 233
Ours + DualMesh-UDF 0517 647 143|292 11.0 187 | 904 132 448|140 488 195
UNDC [3] 1.25 6.80 241|977 119 959 | 716 17.6 16.1 | 21.1 6.89 5.63
DualMesh-UDF [11] 2280 259 2551390 11.6 12.8 | 12900 119 109 | 241 9.85 11.8
256-DC DualMesh-UDF-T [11] 0.673 649 131|994 107 3.12| 723 13.6 897|296 396 239
NSD-UDF + DualMesh-UDF [10] | 0.565 6.80 1.37 | 11.1 11.8 3.10 | 71.2 13.1 833 |3.07 444 3.16
Ours + DualMesh-UDF 0516 6.81 126 | 421 11.1 222 | 159 130 498 | 257 4.08 230
UNDC [3] 1.3 936 6.95 - - - - - - - - -
DualMesh-UDF [11] 2080 26.0 256 | 1960 114 12.5| 14500 11.6 103 | 267 9.88 11.7
512-DC DualMesh-UDF-T [11] 136 7.14 251 | 385 11.5 596 | 221 13.6 143 | 6.87 494 393
NSD-UDF + DualMesh-UDF [10] | 1.18 7.48 292 | 69.7 12,6 7.41 | 467 149 155|114 52 483
Ours + DualMesh-UDF 0.616 748 254|932 114 303 | 496 123 763|283 436 3.10

0.1, with the rest as in the section above. We show the results on ShapeNet [2] cars in Tab. A.7,
along with the highest-scoring baselines from the main experiment. While all methods achieved
slightly better performance compared to the ReLLU-based architecture, the same conclusions apply.
Our method outperforms the tested baselines, particularly so at high resolutions, while also achieving
lower standard deviations across the dataset.

A.6 Additional figures

We show here additional qualitative results of our method compared to the baselines. In Fig. A.1 we
show an additional example at different resolutions compared to the NSD-UDF [10] baseline: the
shapes look similar at low resolutions, but at 256 and 512 the baseline cannot retrieve large portions
of the surface.

In Fig. A.2 & A.3 we show the same shapes as in Fig. 3 of the main paper, but with different
resolutions. In Fig. A.4, A.5 & A.6 we show additional shapes at all tested resolutions. As observed
in the main paper, existing methods retrieve most of the surface at lower resolutions, leaving less
room for improvement, whereas at higher resolutions our method shows a significant advantage.

In Fig. A.7, we show the meshing on the CAP-L 3D scene [12] used in Fig. 4 of the main text in
greater size to better appreciate the details, e.g., the base of the statues.



NSD-UDF [10]
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Figure A.1: Meshing at different resolutions, additional examples. While NSD-UDF [10] retrieves
most of the surface well at a low resolution, it struggles at higher ones. In contrast, our method,
recovers the surface well at all resolutions. We use Marching Cubes with both methods.

GT  |CAP-UDF MeshUDF DCUDF-T DCUDF-nocut NSD-UDF ~ Ours | UNDC DMUDF-T NSD-UDF'  Ours’

TE- 33
== ==

Figure A.2: Qualitative comparison at resolution 256. Surface meshing results of auto-decoder-
based neural UDFs with all methods at resolution of 256 (and 128 for MGN). T indicates that the
method is combined with DMUDF. The shapes are the same as in the main text.
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Figure A.3: Qualitative comparison at resolution 128. Surface meshing results of auto-decoder-
based neural UDFs with all methods at resolution of 128 (and 64 for MGN). T indicates that the
method is combined with DMUDF. The shapes are the same as in the main text.
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Table A.5: Neural Unsigned Distance Fields from point clouds (MC-based methods). L2 Mesh Chamfer
Distance x 10> with 2M sample points (CD), F1 score (F1) and Image Consistency (IC) are reported at varying
grid resolutions. The best results are in bold.

(a) Mean results.

CAP-L scenes [12] CAP-L cars [12] DiffUDF cars [4]

Res. Method \ CDh|] F11 ICt \ CD)] Fi11 IC?tT \ CDhJ] F11 ICt
CAP-UDF [12] 427 68,0 838 | 114 485 853 | 796 60.1 86.2
MeshUDF [5] 440 682 845 | 119 497 86.1 | 952 614 87.0
128-MC DCUDE-T [6] 279  59.7 84.0 | 131 450 837 | 994 532 870
DCUDF-T-nocut [6] - - - 10.7 513 87.6 | 153 58.6 90.2
NSD-UDF+MC [10] | 3.34 698 86.7 | 11.1 51.7 863 | 486 660 87.8
Ours + MC 344 693 853 | 976 51.8 868 | 6.65 63.6 87.5
CAP-UDF [12] 365 70.1 86.1 | 10.1 534 864 | 404 69.0 86.6
MeshUDF [5] 342 69.6 863 | 102 523 86.1 | 561 668 87.5
256-MC DCUDEF-T [6] 475 699 846 | 42.1 50.7 847 | 106 63.8 84.6
DCUDF-T-nocut [6] - - - 120 53.1 857 | 637 68.8 87.1
NSD-UDF+MC [10] | 330 703 863 | 11.5 529 86.1 | 3.85 70.6 86.7
Ours + MC 307 714 866 | 993 54.0 868 | 423 69.2 88.0
CAP-UDF [12] 357 705 86.1 | 10.8 53.8 862 | 487 693 84.0
MeshUDF [5] 449 699 845 | 109 527 857 | 425 688 86.2
512-MC DCUDEF-T [6] 140 689 833 | 370 509 850 | 727 61.8 78.3
DCUDF-T-nocut [6] - - - 13,5 515 844 | 664 682 864
NSD-UDF +MC [10] | 3.72 700 84.1 | 123 525 856 | 592 67.1 81.1
Ours + MC 308 718 868 | 10.5 54.1 864 | 348 719 87.8
(b) Standard deviation for each metric, computed across the dataset.

CAP-L scenes [12] CAP-L cars [12] DiffUDF cars [4]

Res. Method | CD Fl IC | CD FI IC | CD FI IC
CAP-UDF [12] 198 199 243|471 122 3.07 | 388 11.2 253
MeshUDF [5] 1.38 20.1 142|577 139 3.13 | 523 134 297
128-MC DCUDEF-T [6] 385 20.1 6.53 | 318 129 591 | 109 120 5.37
DCUDF-T-nocut [6] - - - 537 126 3.06 | 125 125 1.65
NSD-UDF + MC [10] | 1.67 20.8 220 | 691 142 331 | 354 126 2.69
Ours + MC 1.67 200 1.8 [ 626 133 275 | 529 121 2.30
CAP-UDF [12] 191 21.1 194 | 6.65 144 346 | 235 12.6 341
MeshUDF [5] 1.79 213 2.03 | 565 149 348 | 3.06 133 2.78
256-MC DCUDEF-T [6] 371 21.8 299 | 4677 155 438 | 202 143 7.80
DCUDF-T-nocut [6] - - - 6.85 152 4.13 | 3.66 134 340
NSD-UDF + MC [10] | 1.76 21.5 2.63 | 7.27 15.1 3.69 | 247 13.0 3.56
Ours + MC 1.60 203 2.04 | 6.63 144 3.11 | 331 119 224
CAP-UDF [12] 1.98 213 244 | 7.26 15 364 | 3.14 142 529
MeshUDF [5] 338 21.5 345|635 153 394 | 246 133 3.30
512-MC DCUDEF-T [6] 191 21.3 4.07 | 282 153 4.21 | 1310 158 12.2
DCUDF-T-nocut [6] - - - 745 153 5.10 | 3.78 13,5 3.57
NSD-UDF +MC [10] | 2.07 21.1 321 | 7.66 154 4.07 | 395 156 7.05
Ours + MC 1.63 204 254|699 150 348 | 215 124 2.73




Table A.6: Neural Unsigned Distance Fields from point clouds (DC-based methods). L2 Mesh Chamfer
Distance x 105 with 2M sample points (CD), F1 score (F1) and Image Consistency (IC) are reported at varying
grid resolutions. The best results are in bold. UNDC failed at resolution 512 due to its large GPU memory
requirements.

(a) Mean results.

CAP-L scenes [12] CAP-L cars [12] DiffUDF cars [4]

Res. Method |cD| F14 ICt|CD| FIt ICt|CDJ) FIt IC?
UNDC [3] 334 697 844 | 127 523 848 | 476 609 87.6
DualMesh-UDF [11] 535 634 695 | 113 540 850 | 577 625 843
128-DC  NSD-UDF + DualMesh-UDF [10] | 33.6 69.8 84.5| 7.0 560 87.0| 351 683 883
Ours + DualMesh-UDF 336 700 844 | 673 562 87.2| 437 667 882
UNDC [3] 785 691 769 | 9.89 529 839 | 175 583 812
DualMesh-UDF [11] 504 630 683 | 108 532 843 | 543 611 825
256-DC  NSD-UDF + DualMesh-UDF [10] | 34.3 689 834 | 842 540 862 | 3.08 715 877
Ours + DualMesh-UDF 220 499 79.6 | 7.95 54.6 867 | 336 704 883

UNDC [3] ] ] ) - - - - - ]
DualMesh-UDF [11] 517 598 61.8| 114 506 83.1| 5.69 582 79.0
512-DC  NSD-UDF + DualMesh-UDF [10] | 352 665 77.9 | 10.1 517 854 | 399 688 85.1
Ours + DualMesh-UDF 340 686 828 | 915 525 862 | 3.05 723 879

(b) Standard deviation for each metric, computed across the dataset.

CAP-L scenes [12] CAP-L cars [12] DiffUDF cars [4]

Res. Method | CD  F1 IC |[CD Fl IC |CD FlI IC
UNDC [3] 255 202 397 | 134 130 327|222 131 214
DualMesh-UDF [11] 357 189 7.07 | 658 138 427|277 137 342
128-DC  NSD-UDF + DualMesh-UDF [10] | 42.8 17.6 0.739 | 3.98 13.1 288|204 11.7 214
Ours + DualMesh-UDF 430 173 0803 |3.70 128 2.60|3.02 118 2.00
UNDC [3] 826 21.8 961 |538 144 388|305 103 1.65
DualMesh-UDF [11] 357 195 701 | 634 147 460|266 139 3.16
256-DC  NSD-UDF + DualMesh-UDF [10] | 43.3 18.6 0403 | 482 143 351 | 196 12.5 2.82
Ours + DualMesh-UDF 243 281 658 | 443 140 3.11|234 120 217

UNDC [3] - - - - - - - - -
DualMesh-UDF [11] 350 199 832 | 645 146 486|268 135 3.03
512-DC  NSD-UDF + DualMesh-UDF [10] | 42.3 18.6 204 | 574 147 4.04 | 250 140 3.80
Ours + DualMesh-UDF 432 182 0.0709 | 505 146 353|189 124 286

Table A.7: Triangulating a Softplus-based auto-decoder. L2 Chamfer Distance x10~° with 2M sam-
ple points (CD), F1 score (F1) and Image Consistency (IC) are reported at varying grid resolutions on the
ShapeNet [2] cars dataset. The best results are in bold.

Median Mean Std

Res. Method \ Ch| Fi11 ICt \ CD| Fi11 ICt \ CD F1 1C
CAP-UDF [12] 609 525 80.7 | 692 499 80.1 | 566 10.5 4.51

MeshUDF [5] 8.06 614 882 | 100 613 886|640 11.6 2.17

128-MC NSD-UDF+MC[10] | 595 649 886 | 7.69 63.5 88.7 513 119 2.26
Ours + MC 480 640 89.0 | 585 63.1 89.1 | 353 113 194

CAP-UDF [12] 237 652 868 | 300 639 860|239 123 396

MeshUDF [5] 134 679 884 | 151 663 883|104 11.7 256

256-MC NSD-UDF +MC[10] | 863 693 883 | 104 66.7 88.0 894 119 2.57
Ours + MC 495 704 89.6 | 628 682 893|469 113 1.89

CAP-UDF [12] 238 673 872 ] 303 658 864|246 126 397

MeshUDF [5] 583 623 779 | 695 596 774|452 132 17.15

512-MC NSD-UDF+MC [10] | 21.2 680 858 | 246 650 848 | 199 128 4.44
Ours + MC 883 714 889 | 10.7 687 88.7|925 116 237
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Figure A.4: Additional qualitative comparison at resolution 512. Surface meshing results of
auto-decoder-based neural UDFs with all methods at resolution of 512 (and 256 for MGN). UNDC
failed at resolution 512 due to high GPU memory requirements. ' indicates that the method is
combined with DMUDEF.
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Figure A.5: Additional qualitative comparison at resolution 256. Surface meshing results of
auto-decoder-based neural UDFs with all methods at resolution of 256 (and 128 for MGN). T indicates
that the method is combined with DMUDE.
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Figure A.6: Additional qualitative comparison at resolution 128. Surface meshing results of
auto-decoder-based neural UDFs with all methods at resolution of 128 (and 64 for MGN). T indicates
that the method is combined with DMUDF.
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Figure A.7: Meshing of a 3D scene from CAP-L [12]. Surface meshing results of the "Burghers"
scene with all methods at resolution of 512. UNDC failed at resolution 512 due to high GPU memory
requirements. ' indicates that the method is Dual Contouring-based, otherwise it is Marching Cubes-
based.

A.7 DoubleCoverUDF [6] tuning and min-cut

To achieve better results with DCUDF [6] compared to its default parameters, we have run the
algorithm 3 times per experiment and per resolution, with different parameters, and we have selected
the best run in each scenario. Additionally, in Fig. A.8, we present the meshing results of DCUDF [6]
on UDFs from different models on cars, both with and without the final min-cut step, at resolutions
of 128 and 512. Without the min-cut, more surfaces are retained, though they are double-layered.
Moreover, the overall meshing quality deteriorates at higher resolutions, following the trend observed
for the other baselines.

A.8 Meshing ground-truth UDF

Although our method is designed to handle imperfect UDFs, we also evaluate it on true UDFs
computed directly from ground-truth meshes to verify that it does not introduce unwanted artifacts.
We report results on the ShapeNet [2] cars dataset in Tab. A.8 (top), and visualize several triangulations
at a resolution of 512 in Fig. A.9. As observed, our method does not introduce significant artifacts;
however, as expected, multiple iterations provide no benefit in this setting.

In the same table, we also compute the number of holes as surface boundaries, similarly to the
description provided by DCUDF [6], at resolution 512. We report the average. We notice that
the original meshes have a large number of boundaries because they contain multiple detailed
components and inner structures. None of the methods faithfully recovers the correct mesh topology.
Methods that rely directly on MC triangulation, such as CAP-UDF [12], NSD-UDF+MC [10] and
Ours+MC, tend to suffer from micro-holes and gaps between some of the faces. MeshUDF uses a
heuristic specifically designed to reduce this behavior and connect as many portions of the surface
as possible, explaining the lower number of holes. DCUDEF-T [6] starts from an inflated mesh, so
it generally tends to have fewer holes. Simple postprocessing steps can be applied to all methods
to improve the final mesh quality. We take as an example the first of the ShapeNet Cars (object
100715345ee54d7ae38b52bdee9d36a3), and we apply Trimesh-based postprocessing (fill small holes,
merge close vertices, remove spurious faces), showing that all methods improve.
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Figure A.8: DoubleCoverUDF min-cut. Comparing reconstructions of DCUDF [6] with and without
the min-cut step at resolution 128 (middle) and 512 (bottom).
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Figure A.9: Triangulating ground-truth UDF. Surface meshing results on the ground-truth UDF in
comparison to NSD-UDF [10]. Our method does not introduce significant unwanted artifacts.

Table A.8: Triangulating ground-truth UDFs. Results are reported on the ShapeNet [2] cars dataset,
using the true UDF computed from the mesh. We compare against NSD-UDF + MC [10] at multiple
resolution with the Median L2 Chamfer Distance x 10~° with 2M sample points (Chamfer-Distance),
and against all MC-based methods with the average number of holes, as surface boundaries at
resolution 512(Number of holes). For the latter, we also report results on the first car of the dataset,

before and after post-processing the mesh.
(a) Chamfer-Distance

Res.
Method 128 256 512

NSD-UDF +MC [10] | 1.34 0.230 0.0300
Ours + MC atiter. 1 | 1.36 0.244  0.0294
Ours + MC atiter. 6 | 1.40 0.231 0.0300

(b) Number of holes at resolution 512

| ShapeNet cars [2] | Car 1 (before post-process.)

Car 1 (post-processed)

GT 783 1552
CAP-UDF [12] 10024 13265
MeshUDF [5] 428 997
DCUDE-T [6] 7 6
DCUDF-T-nocut [6] 2.65 2
NSD-UDF+MC [10] 8280 8885
Ours+MC 9284 9808

2125
240
6
2
1387
1604
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