Supplementary Material: Aligning Gradient and
Hessian for Neural Signed Distance Function

A Implementation Details

Network design. As our method requires that the implicit function has at least second-order
smoothness, we combine our method with SIREN [25]] and Neural-Pull [5] that leverage the Softplus
activation function. For SIREN-based MLP, we use a 4-layer SIREN-based MLP with 256 nodes in
each layer. We use the Adam [[16]] optimizer with a learning rate of 5 x 10~°, a batch size of 15K,
and a total of 10K iterations. For combining our term with Neural-Pull [5], we use a 8-layers fully
connected network architecture with 512 nodes in each layer. We use the Adam optimizer with a
learning rate of 0.0001, a batch size of 10K, and 10K iterations. We also evaluate our method with
multi-image input with NeuS [27]. We use the same architecture as Neural-Pull which is an 8-layer
MLP with 256 nodes in each layer, and a skip connection is used to connect the input with the output
of the fourth layer. We use the Adam [16] optimizer with a learning rate that is first linearly warmed
up from O to 0.0005 in the first 5K iterations, then controlled by the cosine decay schedule to the
minimum learning rate of 0.000025. We sample 512 rays per batch and train our model for 300k
iterations (for the ‘w/o mask’ setting).

Loss. As discussed in Section 3.4 of the main paper, our proposed loss term Ejjign (fg) can be inte-
grated with the existing methods by combining it with Eqq (fg). Due to our overfitting experiments
were mainly done by combining with SIREN [23]], we only modified the weights of Eqyq (fg) in
SIREN (without normal) from W4 = (3000, 100, 50) to Wyew = (7000, 600, 50). When it comes
to combining with other methods, i.e., Neural-Pull [5] and NeuS[27], we did not change the W4 in
them. For Ejig (fs), according to ablation study results in the table in Section 4.3 of the main paper,
we determined the initial weight « of this item to be 6. The annealing factor 7 remains 6 during the
first 30% iterations, then linearly decreases to 0.0001 during the 30% to 60% iterations, and finally
decreases to 0 at the termination, i.e., 7 = (6,0.3,6,0.6,0.0001, 0). The annealing mechanism is
followed by DiGS [6]]. So we called the series of T for Eaign (fe) in our paper as Dgjign, and Dpigs
for DiGS. Here "D" stands for "decay".

Sampling To evaluate our Fjyj;g, we additional sample points near the surface for the methods with
point clouds as input. Suppose that p; is a point in input P, we define the Gaussian function rooted
at p; and take the distance to its k-th nearest neighbor (k = 50) as the standard deviation. Then we
sample points from each distribution. In the case of NeuS [27] with multi-image input, we adopt the
original sampling points provided by NeuS on the ray for evaluation.

B Additional Experiments

B.1 Ablation Studies

Our ablation studies are conducted over the ShapeNet [10] dataset where each shape is discretized
into 3K points.

Comparison to Wyq and DiGS  To further clarify that our method is independent of the Wi, and
Djign assigned. We designed our ablation study with DiGS. DiGS [6] is also an unoriented point
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cloud reconstruction method based on SIREN [25]]. Unlike us, DiGS takes the W4 and has its own
weights Dpigs = {100, 0.2,100,0.4, 0,0} of its loss term Ep;gs (fy). Therefore, by incorporating
DiGS, we can effectively compare W4 and W, as well as assess the differences between Dp;gs
and Dyjign, and it is a straightforward and intuitive way to compare our methods with DiGS. We
conduct comprehensive experiments with DiGS [6] and show the statistics in Tab. [T} which shows
that when we apply Wyew or Dyiign to DiGS, the results deteriorated. Similarly, when Woq or Dpjgs
are applied to our method, they do not yield effective results.

Normal C. 1 Chamfer | F-Score 1

A/ . .
Woia - Whew  Dpics Datign mean std. mean std. mean  std.

v v 0582 444 459 494 7887 2734
v v 19219 637 642 575 7011 3067

DIGS [6] v v 9192 7.08 479 354 7773 21.96
v v 9102 708 483 344 T377 2532

v v 9092 699 694 651 6650 3073

v v 9155 690 765 714 6499 33.62

Ours (SIREN) VY 9306 652 507 533 8017 2517
v v | 9652 331 338 364 8871 1828

Table 1: Quantitative comparison with DiGS [6] and ablation study of loss weights.

|  Mean
GT
dc  du
Bbox-sampling | 0.32 4.51
k=1 0.32 490
k=25 0.28 5.87
k=50 (ours) 0.19 298
k=75 0.26 4.31
k=100 028 5.34

Table 2: Effects of different sampling strategies under SRB.

Effect of sampling strategy Instead of uniformly sampling within the bounding box, we adopt a
strategy similar to IGR [11]] and NeuralPull [5]], which involves sampling points around the input
point set.

We have two primary reasons for this choice. Firstly, our primary interest lies in the 0-isosurface
rather than other level sets. While the inferred distance field might exhibit slight differences from
actual distances, this discrepancy doesn’t negatively impact the 0-isosurface. Secondly, we intend to
enforce the alignment between the gradient and the Hessian only within a thin shell encompassing the
true surface. This alignment property ceases to hold outside the thin shell, as the SDF may become
non-differentiable.

To evaluate various sampling strategies, we conducted comparisons under SRB [29]]. The comparative
statistics in Table 2] indicate that sampling around the surface is a better strategy. Specifically, k& = 50
is the recommended choice.

Comparison to initialization methods We investigate the effect of the multi-frequency geometric
initialization (MFGI), the results in Tab. E] show it produces a little better performance. However, it
can not handle concave parts of shape for ours and DiGS with MFGI, see Fig. |1} Further, unlike our
approach, DiGS cannot consistently yield better results if switching to the SIREN initiation.

B.2 Run-time Performance

The second-order optimization increases the overhead of the back-propagation. We include IGR [11]],
SIREN [25] and DiGS [6] for comparison. We set the batch size to 15K for all the methods and
utilized the network with four hidden layers, 256 units for each layer for the SIREN-based methods,



Figure 1: Visual comparison of our method to DiGS under different initialization methods.

Normal C." Chamfer# F-Score"
mean std. mean std. mean  std.

Ours (SIRENinit.)| 96.52 3.31 3.38 3.64 88.71 18.28
Ours (MFGIl init.)) | 96.53 3.29 3.14 2.69 89.64 17.59

Table 3: Ablation study about initialization methods with MFGI.

which are the default setting for our method. Tab. 4 reports the timing cost spent in a single iteration.
Roughly speaking, the timing costs of DiGS and ours are higher than SIREN since DiGS and ours
need a second-order optimization. However, ours is more computationally ef cient than IGR.

| IGR SIREN DiGS Ours

# parameterg 1.86M 264.4K 264.4K 264.4K
time [ms] 50.73 11.52 36.28 40.10

Table 4: Timing costs per iteration. The comparison is made among 1GRSIREN [25], and
DiGS [6] without the supervision of normals. Timing statistics are reported in milliseconds (ms).

C Evaluation Metrics

To compare the performance of different reconstruction methods, we use the same evaluation metrics
as ConvONetZ26], i.e., Chamfer distances, F-Score, and Normal consistency. We dehpéadM ,

as the ground-truth mesh (or point cloud) and the mesh of the predicted result, respectively. Let
andP, be the randomly sampled points on the ground-truth mesh (or point cloud) and the predicted
mesh.

Chamfer Distance The Chamfer distance between two point clo®gdsP; is de ned as follows:

1 X .
Chamfer (P1; P,) = CTEH min d(p1; p2)
] J p12P: P22 P2

1 X @)
+ ﬁ prlg'gl (p1;P2);
p22 P>

whered(p1; p2) is the straight-line distance between poipisp2. We use thé.; norm following
ConvONet [26].

F-Score The F-Score between the two point cloRisandP, at a given thresholtlis given by:

2 Recall Precision

F-Score ¢, P1;Py) = —
€ P1;P2) Recall + Precision

)



where
Recall (t;P1;P2) =  p12 Py, s.t. min d(py;p2) <t
p22P>

3)
Precision(t;P1;P2) =  p2 2 Py, s.t. rr;ig d(p2;p1) <t
P12F1

Normal consistency The normal consistency between two point cloRdsP- is de ned as follows:

1 X
NormalC: (Py; Py) = 2P Np,  Nclosest(ps;P2)

p12P1

2% (4)
+ ﬁ Np, Nclosest(p,;P1)+
p22P>
where

closestp; P) = arg min d(p; p?) ®)

po2pP

D Experimental Setting for Separate Dataset

D.1 SRB

We evaluated the baselines using their of cial source code. All methods uti&étgrids (SPSR15]

and iPSR 12] used octrees of depth 8) to extract the nal mesh. We trained DiGS and SIREN with
four hidden layers, each containing 256 units, and the total number of iterations was set to 10K, the
same as in our method. Other parameters for each method were used with their default settings.

In Table 5, we present the relevant comparison statistics on the Surface Reconstruction Bench-
mark [29]. Our method achieves the highest scores for all shapes except for a slight gap compared to
Daratech and DC. Visual comparisons are shown in Fig. 2.

We also conducted a comparison between our method and DiGS, following DiGS' evaluation setting.
Table 6 illustrates that our method outperforms DIGS in terms of Hausdorff distance. We explain
more about DiGS' evaluation setting. DIiGS operates at a resolutid@i®fand uses Chamfer
distance and Hausdorff distance at the original scale. However, DiGS does not specify the number of
evaluation points. On the other hand, the Shape as Points version operates at a resdsdn of

and employs Chamfer distance, F-Score, and Normal Consistency. To ensure a fair comparison, we
adopted DiGS' metrics but sampled 100K evaluation points, following the settings of Shape as Points
in this paper.

Mean Anchor Daratech DC Gargoyle Lord Quas

Chamfer# F-Score' | Chamfer# F-Score’ | Chamfer# F-Score" ‘ Chamfer# F-Score" ‘ Chamfer# F-Score' | Chamfer# F-Score"
SPSR* | 436 7587 | 6.93 4614 | 420 83.22 | 3.0 85.80 | 4.37 70.65 | 2.85 93.60
SIREN 18.24 38.74 38.31 5.05 6.19 52.30 46.24 75.47 35.50 7.25 6.53 54.58
SAP 6.19 57.21 8.33 46.73 7.76 48.42 511 60.34 4.27 75.66 5.54 54.61
iPSR 4.54 75.07 7.53 44.29 4.20 83.51 3.52 84.36 4.49 69.87 291 93.53
PCP 6.53 47.97 9.04 37.63 7.23 36.08 5.82 45.09 6.17 49.71 4.30 72.09
CAP-UDF 4.54 74.75 7.68 43.92 3.96 82.78 3.61 84.03 4.40 70.82 3.06 92.19
DiGS 4.16 76.69 6.63 46.52 3.62 85.54 3.32 86.11 4.19 73.34 3.04 91.86
Ours(SIREN) 3.86 78.80 5.63 52.50 3.44 84.95 3.45 85.12 4.06 76.76 2.73 94.66

Table 5: Comparison on Surface Reconstruction Benchmark [29].

Mean Anchor | Daratech | DC | Gargoyle | Lord Quas
GT GT Scans GT Scans GT Scans GT Scans GT Scans
de dy | dc dy d. dy | dc dw d. dy | dc dw d dy | d dy de dy | dc dy de dy

DiGS

019 352(029 719 011 117020 372 009 1.80 015 1.70 007 275|017 410 009 092 0.12 0.91 0.06 0.70
Ours(SIREN) | 0.19 2.98

028 4.79 024 178|020 252 0.13 1.84|0.14 188 0.10 277 019 456 0.15 1.820.14 113 0.09 0.95

Table 6: Comparison on Surface Reconstruction Benchn2®jkuging the evaluation settings of
DiGSI6].



Figure 2: Visual comparison of our method to other methods under SRB [29].

D.2 ABC and Thingi1l0K

We report the results of baselines using their source code. All methods le&5@iggrids, and

SPSR [15], iPSR [12] and PGR [19] use the depth 8 during the mesh extraction phase. For SAL [1]
and IGR [L1], we trained them with 20K iterations and 15K iterations, respectively. We conduct
10K iterations for DIGS and SIREN, the same as ours, where the SIREN network has four hidden
layers, each containing 256 neurons. For PGR, we use the of cially recommended parameters
for the 10K-point input (alpha: 1.2, wk: 16). For the supervision methods P@GTanfl Neural
Galerkin [L3] (without normals), we retrained them with 10K points under ShapeN&td validate

their generalization ability. Other parameters remain the same with the default settings.

We show the visual comparison of different approaches on ABLjith 10K points in Fig. 3 and
Fig. 4. The comparison shows that Our method is better at recovering thin geometry features and can
achieve a good trade-off between smoothness and feature preservation.

D.3 ShapeNet

We report all baselines using their code. All methods levesg grids (SPSR15, iPSR [12],

and PGR 19 use the octree of depth 8) to extract the nal mesh. We trained DIiGS and SIREN
with four hidden layers, each layer containing 256 units. The total number of iterations is set to
10K. We conduct 10K iterations for DiGS and SIREN, the same as ours, and train SAL and IGR
within 20K iterations and 15K iterations, respectively. For NSHB|,[we follow the parameters

used in its main paper (1024 input points with 1024 Nystrém samples and no regularization) and
set the Nystrém samples to 3000 for 3K input points, respectively, without regularization.For PGR,
we use the of cially recommended parameters for sparse inputs (alpha: 2, wmin: 0.04). For the
supervision methods POC®][ we retrain them with 3K points under ShapeNHi|[ respectively.

More parameters of each method follow the default setting. We give the comparison statistics under
the settings of in Tab. 9. The visual comparison is given Fig. 5. Both qualitative and quantitative
comparisons show that our method can faithfully recover ne geometric details and thin structures,
outperforming the other methods.

D.4 DFAUST

Shape space learning requires training a single model to learn to represent multiple shapes from a
class of related shapes, which is more challenging than the single over tting shape. For the encoder,
we adopt the encoder from Convolutional Occupancy Netwd6k [Speci cally, we project the
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