Learning 3D Shape Fidelity Metric from Real-world Distortions

Supplementary Material

1. Evaluation methods

We employ three distinct evaluation methods to assess the
correlation between our proposed metrics and human scor-
ing (ground truth) on the Real Shape Fidelity Dataset we
provide.

Pearson’s Linear Correlation Coefficient (PLCC).
PLCC measures the linear alignment between our proposed
metrics and human evaluation. The definition is denoted as
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where §; and s; denote the predicted and ground-truth fi-
delity scores of the sample ¢, respectlvely, n is the total
number of samples. Additionally, § = 13" 5 and

5= % >, s; are the average predicted score and ground-
truth score, respectively.

Spearman’s rank order correlation coefficient
(SROCC). SROCC measures the strength and direc-
tion of the monotonic relationship between two variables
by computing the Pearson correlation between their ranked
values. It considers the magnitude of rank differences,
making it sensitive to non-linear correlations.

_ 6 (R(3) — R(s:)?

n(n? —1) ’

2

Ts

where R(8;) and R(s;) represent the rankings of §; and s;,
respectively, and n denotes the total number of data points.
In our paper, n corresponds to the number of meshes scored
by a single subject.

Kendall’s rank order correlation coefficient (KROCC).
KROCC quantifies the association between two variables by
counting the number of concordant and discordant pairs in
their rankings. Unlike SROCC, it only evaluates the relative
order of ranks, making it more robust to outliers and slight
variations.
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The function sgn(-) represents the sign function, defined as
follows:

1, x>0
sgn(z) =4¢ -1, <0
0, z=0

The key distinction between Spearman’s Rank Order
Correlation Coefficient (SROCC) and Kendall’s Rank Or-
der Correlation Coefficient (KROCC) lies in their approach
to measuring rank correlation. SROCC accounts for the
actual magnitude of rank differences in the input data,
whereas KROCC only considers the number of discordant
(inverted) pairs.

2. Proof of translation, rotation, and scale in-
variance

We provide theoretical justification for the effectiveness of
our Invariance Alignment Module by proving that, under
any global translation, rotation, or isotropic scaling trans-
formation applied to a 3D mesh, the output of our alignment
procedure remains unchanged.

Let the original input mesh have N vertices denoted by
{vi}X,, where v; € R3. Consider a transformed version
of this mesh defined as:

vi*™ = sRv; +t, Vi, 4)

where s > 0 is a scalar scale factor, R € R3*3 is an or-
thonormal rotation matrix (RTR = I), and t € R? is a
translation vector.

We show that applying our alignment module to both the
original mesh {v;} and the transformed mesh {v{™*™} yields
the same normalized result.

Translation invariance. Let ¢ = % Zf\;l v; and

el = L Zfil vians By substituting Eq. (4):
N
clrans — Z (sRv; +t) = sRc + t. ©)

Thus, subtracting the centroid gives:

VErans _ ctrans — sRv, +t — (SRC + t) (6)
= sR(v; — c). @)

This proves that translation is eliminated, and the centered
mesh depends only on the original vertex offsets.

Rotation invariance. Define V = [v; —c,..., vy —
c]T € RV*3 as the centered vertex matrix. For the trans-
formed mesh, we have:

Vtrans _ SVRT. (8)
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Figure 1. Objects in our provided Real Shape Fidelity main subset and what the object numbers correspond to in the main paper Tab. 1, 2,
and 3.
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Figure 2. We visualize examples of distorted meshes of different generation methods in our provided Real Shape Fidelity main subset.

The covariance matrix becomes: where Uy,ns = RU and U is the PCA basis of the original
mesh.

Scale invariance. After centering and rotating, the trans-
formed vertex becomes:

1 1
Etrans _ N (Vtrans)TVtrans — N (SRVT) (SVRT) (9)
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This shows that the eigenvalues of X are preserved, and the

eigenVeCtorS of X" are the rotated versions of Y. There- The average norm (used for scale nonnalization) is:

fore, applying the eigenvector alignment step (PCA) will

bring both versions to the same canonical orientation:

N
1
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Ugans(SR(vi —€)) = U " (v; — ¢), (11) " N;HS (vi—c)la=s-7, (13



where r is the original average distance to the origin. After
scale normalization:
1 1

s 1
plrans 'Vgltmn - §~S~UT(V247C) = ;'UT(VZ'*C) (14)

Thus, the final output is identical for both original and trans-
formed meshes.

Conclusion. The output of our alignment module is in-
variant to any global similarity transformation (translation,
rotation, and scale). Hence, our metric can evaluate shape
fidelity independently of these geometric variations.

3. Detailed loss designs

Smooth L1 loss. The smooth L1 loss ensures the predicted
score is close to the labeled score. It is defined as:
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where §; and s; denote the predicted and ground truth
fidelity scores of the sample 7, respectively, n is the total
number of samples.

Pearson’s correlation loss. Pearson’s correlation loss
encourages a stronger linear correlation between the pre-
dicted and ground truth scores. It is defined as:
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where § = 13" 5 and 5 = 23" | s; are the average
predicted score and ground truth score, respectively.
Spearman’s ranking order loss. The Spearman’s rank-
ing order loss encourages a higher ranking correlation be-
tween the predicted and ground truth scores. It is defined

as:
6305, (B(3:) — R(s:))?
n(n? —1) ’

where R(-) denotes the ranking order. Because Eq. (17) is
not inherently differentiable, we use the differentiable rank-
ing approach proposed in [2] to make it differentiable for
optimization.

Esrocc =1- (17)

4. Real Shape Fidelity dataset

We present all objects in our Real Shape Fidelity main
subset in Fig. | and a corresponding distorted mesh for
each object in Fig. 2. Additionally, Tab. 1 and Tab. 2 pro-
vide an overview of the methods used to generate these
distorted meshes. Specifically, the objects in our dataset
are collected from the following sources: RenderBot [11]
(Dog), ARC3D [1] (Fish, Bus, Hand), Google Scanned Ob-
jects [3] (Keyboard, Mug, Shoe), Sketchfab [14] (Plant),
FaceScape [28, 31] (Female Face), FaceVerse [21] (Male
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Figure 3. Objects in our provided Real Shape Fidelity test-only
subset and what the object numbers correspond to in the main pa-
per Tab. 5, 6, and 7.
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Figure 4. We visualize examples of distorted meshes of different
generation methods in our provided Real Shape Fidelity test-only
subset.

Face), and Function4dD [29] (Female and Male Human
Bodies). The distorted meshes in Real Shape Fidelity
main subset are generated using a wide range of meth-
ods, including: CRM [22], DreamGaussian [16], In-
stantMesh [26], LGM [17], One2345 [8], One2345pp[9],
PeRFlowText[27], ShapE [6], ShapE-Text [6], SplatterIm-
age [15], TripoSR [19], ECON [25], ICON [24], PiFU [12],
PiFUHD [13], and HaMeR [10].

For Real Shape Fidelity test-only subset, Fig. 3 and
Fig. 4 show the object names, referenced objects, some
of the distortions. Specifically, the unseen distor-
tions are produced by five recent 3D generation meth-
ods—CraftsMan3D [7], Hunyuan3D 2.1 [18], SPAR3D [5],
TripoSR [20], and InstantMesh [26]—most of which are not
included in training. The evaluation is further conducted
on eight unseen objects from OmniObject3D [23], none of



Table 1. Distribution of distorted mesh generation methods in our dataset. A checkmark (v') indicates that the corresponding method

generated the distorted mesh for a specific object category. (Part 1)

Object Type ‘ CRM DreamGaussian InstantMesh LGM One2345 One2345pp PeRFlowText ShapE
Dog [11] v v v v v v v v
Fish [1] v v v v v v v v
Building v v v v v v
Bus [1] v v v v v v v
Female Face [28, 31] v v v v v v

Male Face [21] v v v v v v

Female Human Body A [29] v v v v v v v
Female Human Body B [29] v v v v v v v
Hand w/ Arm [1] v v v v v v v
Hand w/o Arm [1] v v v v v v v
Keyboard [3] v v v Ve v v v
Male Human Body A [29] v v v v v v v
Male Human Body B [29] v v v v v v v
Mug [3] v v v v v v v v
Plant [14] Ve v v v v v v
Shoe [3] v v v v v v v v

Table 2. Distribution of distorted mesh generation methods in our dataset. A checkmark (v') indicates that the corresponding method

generated the distorted mesh for a specific object category. (Part 2)
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which appear in the training set. About 500 online crowd
workers participated in the annotation; scores were obtained
via a Swiss tournament.

5. Example of neighbor vertices

We show how the selected 64 neighbors are distributed
around the central vertices. The red vertex is the central ver-
tex, and the blue vertices are the selected 64 nearest neigh-
bors. As shown in Fig. 5, we can observe that the spatial
range of the neighbor vertices includes the details.

6. Ablations and Analyses

6.1. Metric stableness using various training set

To assess the stability of proposed metric, we design two ex-
periments in which we calculate the stableness of our metric
trained on various training set. In the first experiment, we
selected 5 objects. For each of these objects, we computed
pairwise cosine similarity between the 11 models trained
on folds that include the same 5 objects as training data,
resulting in 11x11 cosine similarity matrices. Then, we cal-
culated the element-wise average and standard deviation of
the cosine similarity matrices across the 5 objects (result in



Table 3. Mean cosine similarity matrix on object No.1-5

Model 6 Model 7 Model 8

Model 9 Model 10 Model 11

Model 12 Model 13 Model 14 Model 15 Model 16

Model 6 1.0000 0.9555 0.9492 0.9381 0.9544 0.8618 0.9519 0.9413 0.9220 0.9326 0.9589
Model 7 0.9555 1.0000 0.9983 0.9941 0.9996 0.9288 0.9966 0.9967 0.9780 0.9906 0.9904
Model 8 0.9492 0.9983 1.0000 0.9975 0.9987 0.9326 0.9976 0.9986 0.9732 0.9941 0.9866
Model 9 0.9381 0.9941 0.9975 1.0000 0.9953 0.9364 0.9968 0.9967 0.9641 0.9950 0.9811
Model 10 0.9544 0.9996 0.9987 0.9953 1.0000 0.9307 0.9976 0.9974 0.9764 0.9926 0.9901
Model 11 0.8618 0.9288 0.9326 0.9364 0.9307 1.0000 0.9330 0.9303 0.9108 0.9416 0.9030
Model 12 0.9519 0.9966 0.9976 0.9968 0.9976 0.9330 1.0000 0.9955 0.9684 0.9941 0.9885
Model 13 0.9413 0.9967 0.9986 0.9967 0.9974 0.9303 0.9955 1.0000 0.9743 0.9929 0.9826
Model 14 0.9220 0.9780 0.9732 0.9641 0.9764 0.9108 0.9684 0.9743 1.0000 0.9642 0.9687
Model 15 0.9326 0.9906 0.9941 0.9950 0.9926 0.9416 0.9941 0.9929 0.9642 1.0000 0.9789
Model 16  0.9589 0.9904 0.9866 0.9811 0.9901 0.9030 0.9885 0.9826 0.9687 0.9789 1.0000
Table 4. Standard derivation of cosine similarity matrix among object No.1-5
Model 6 Model 7 Model 8 Model9 Model 10 Model 11  Model 12 Model 13 Model 14 Model 15 Model 16
Model 6 0.0000 0.0192 0.0223 0.0327 0.0187 0.0796 0.0226 0.0306 0.0330 0.0264 0.0078
Model 7 0.0192 0.0000 0.0009 0.0061 0.0002 0.0676 0.0011 0.0014 0.0158 0.0041 0.0084
Model 8 0.0223 0.0009 0.0000 0.0017 0.0003 0.0707 0.0013 0.0008 0.0207 0.0046 0.0097
Model 9 0.0327 0.0061 0.0017 0.0000 0.0043 0.0658 0.0016 0.0013 0.0312 0.0035 0.0118
Model 10 0.0187 0.0002 0.0003 0.0043 0.0000 0.0654 0.0005 0.0017 0.0179 0.0033 0.0080
Model 11 0.0796 0.0676 0.0707 0.0658 0.0654 0.0000 0.0598 0.0747 0.0561 0.0571 0.0658
Model 12 0.0226 0.0011 0.0013 0.0016 0.0005 0.0598 0.0000 0.0028 0.0245 0.0031 0.0068
Model 13 0.0306 0.0014 0.0008 0.0013 0.0017 0.0747 0.0028 0.0000 0.0200 0.0071 0.0133
Model 14 0.0330 0.0158 0.0207 0.0312 0.0179 0.0561 0.0245 0.0200 0.0000 0.0298 0.0108
Model 15 0.0264 0.0041 0.0046 0.0035 0.0033 0.0571 0.0031 0.0071 0.0298 0.0000 0.0120
Model 16  0.0078 0.0084 0.0097 0.0118 0.0080 0.0658 0.0068 0.0133 0.0108 0.0120 0.0000
This setup allows us to assess the consistency of the met-
™ ric across different folds for the same object (mean), and the
stability of this consistency across different objects (stan-
dard deviation). In the ideal case, if all models across folds
» behave identically for a given object, each entry of cosine
\t similarity matrix would be 1, and the standard deviation ma-
NG/ trix would be all 0.
A
\\ 1 For object selection, we simply used the first 5 objects
| 37 (No. 1-5) and the first 11 objects (No. 1-11) for the two
& /"V( experiments, respectively. From the results, we observe
V> 4 (“ that in both experiments, most entries in the cosine simi-
// - larity matrices have means above 0.95, and most entries in
’\ \\ \'_'g",:: v the standard deviation matrices are below 0.05. These find-

Figure 5. Examples of the selected neighbor vertices. The red
vertex in each example is the central vertex, and the blue vertices
are the selected 64 nearest-neighbor vertices.

Tab. 3 and Tab. 4.).

In the second experiment, we repeated a similar pro-
cess and computed pairwise cosine similarity between the
5 models trained on folds that include the same 11 objects
as training data, resulting in 5x5 cosine similarity matrices.
Again, we computed element-wise averages and standard
deviations across the 11 objects (result in Tab. 5 and Tab. 6.).

ings demonstrate the consistency and stability of our metric
across different folds during k-fold training.

Table 5. Mean cosine similarity matrix on object No.1-11

Model 12 Model 13  Model 14 Model 15 Model 16
Model 12 1.0000 0.9851 0.9675 0.9783 0.9779
Model 13 0.9851 1.0000 0.9835 0.9803 0.9855
Model 14 0.9675 0.9835 1.0000 0.9626 0.9754
Model 15 0.9783 0.9803 0.9626 1.0000 0.9813
Model 16 0.9779 0.9855 0.9754 0.9813 1.0000




Table 6. Standard derivation of cosine similarity matrix among
object No.1-11

Model 12 Model 13 Model 14 Model 15 Model 16
Model 12 0.0000 0.0286 0.0534 0.0352 0.0299
Model 13 0.0286 0.0000 0.0268 0.0419 0.0276
Model 14 0.0534 0.0268 0.0000 0.0766 0.0430
Model 15 0.0352 0.0419 0.0766 0.0000 0.0357
Model 16 0.0299 0.0276 0.0430 0.0357 0.0000

6.2. Data sufficiency and generalizability

Although the dataset contains only 16 objects, the supervi-
sion is defined on distorted—GT mesh pairs, encouraging the
model to learn distortion-related geometric patterns rather
than object-specific appearance cues. We further reduce the
risk of overfitting by adopting a lightweight PointNet-style
architecture. In the main paper, we already validate the
generalization ability of our model through K-fold cross-
validation (Tabs. 1-3) and out-of-domain test-only evalua-
tion (Tab. 5). In addition, Tabs. 3—6 in the supplementary
material show that the influence of individual training sam-
ples on performance stability is limited.

To further examine whether the current data volume is
sufficient, we train the model with 50%, 100%, and 200%
of the training data, where 200% is obtained via data aug-
mentation. As shown in Tab. 7, reducing the training data
to 50% leads to a clear performance drop, while expanding
the data to 200% brings only marginal improvement over
the original setting. This suggests that the current data vol-
ume is already sufficient for the proposed model. At the
same time, we agree that with more real data available in
the future, larger-capacity models may further improve per-
formance.

Table 7. Effect of training data volume on LoCaSE. Using only
50% of the training data causes a clear performance drop, while
increasing the data volume to 200% via augmentation yields only
marginal gains, suggesting that the current data scale is sufficient
for the proposed model.

Method PLCC 1 SROCC 1 KROCC 1
50% data 0.358 0.500 0.358
100% data 0.728 0.757 0.614
200% data 0.735 0.728 0.530

Table 8. Comparison with image-based baselines. LoCaSE
achieves substantially higher correlation with human judgments
than LPIPS and DreamSim.

Method PLCC 1 SROCC 1 KROCC 1
LPIPS (12 views) 0.518 0.483 0.331
DreamSim (12 views) 0.705 0.681 0.490
LoCaSE 0.728 0.757 0.614

6.3. Discretization Invariance

We evaluate the discretization invariance of LoCaSE by ap-
plying both extreme and realistic modifications to the input
meshes, including triangle soup conversion, mesh subdivi-
sion, and additive vertex noise. As shown in Tab. 9, the
performance remains largely stable across all settings. This
indicates that LoCaSE primarily captures geometric fidelity
rather than relying on mesh connectivity patterns or a spe-
cific discretization. Overall, the proposed metric is robust
to variations in mesh resolution and topological structure.

Table 9. Discretization invariance analysis of LoCaSE under dif-
ferent mesh discretization changes. The consistently stable per-
formance across triangle soup conversion, subdivision, and vertex
perturbation demonstrates that LoCaSE mainly captures geomet-
ric fidelity rather than depending on a particular mesh connectivity
or discretization pattern.

Setting PLCCt SROCCt KROCC?T APLCC
Triangle soup 0.728 0.758 0.615 -0.03%
Subdivide (1 iter) 0.728 0.754 0.610 +0.04%
Subdivide (2 iter) 0.752 0.757 0.616 +3.26%
Noise (o = 0.001) 0.727 0.747 0.597 -0.11%
Noise (o = 0.01) 0.725 0.745 0.593 -0.44%

6.4. Stability Under PCA Variations

To assess the effect of PCA-induced instability, we repeat-
edly apply several symmetry-preserving or near-symmetry
transformations to the meshes, including sign flipping, axis
swapping, rotation, and small perturbations, and measure
the resulting variation in LoCaSE. As shown in Tab. 10,
these PCA-related variations lead to only minor changes in
the metric output. This suggests that LoCaSE is stable un-
der common PCA ambiguities and perturbations.

Table 10. Stability analysis of LoCaSE under PCA-related varia-
tions. The low standard deviation across sign flipping, axis swap-
ping, rotation, and small perturbations indicates that PCA-induced
instability has only a minor effect on the metric.

Experiment Std |
Sign flipping 0.031
Axis swapping 0.052
Rotation consistency 0.040
Small perturbation 0.005

6.5. Robustness to Geometric Noise

LoCaSE is designed to be stable under realistic geometric
perturbations. To evaluate this property, we measure the
average change in the metric output under several types of
noise, including rotation, outliers, scaling, and vertex per-
turbation. As shown in Tab. 11, LoCaSE remains highly
stable under scale changes and small vertex noise, while
showing only moderate variation under larger rotations and
higher outlier ratios. Overall, these results indicate that Lo-



CaSE is robust to a wide range of realistic geometric distur-
bances.

Table 11. Robustness of LoCaSE under different geometric per-
turbations. We report the average relative change in metric output
(A) under varying levels of rotation, outliers, scaling, and vertex
noise. LoCaSE remains highly stable under most realistic pertur-
bations.

Noise Level Avg A Noise Level Avg A
Rotation / 1° 1.87% Outliers / 0.5% 1.64%
Rotation / 2° 2.39% Outliers / 1.0% 1.61%
Rotation / 5° 3.96% Outliers / 2.0% 1.80%
Rotation / 10° 6.42% Outliers / 5.0% 2.15%
Scale / 0.5% 0.02% Noise / 0.05% 0.08%
Scale / 1.0% 0.02% Noise / 0.10% 0.17%
Scale / 2.0% 0.01% Noise / 0.50% 1.04%
Scale / 5.0% 0.02% Noise / 1.00% 2.42%

6.6. Comparison with image-based baselines

We also compare our method with representative image-
based perceptual metrics, including LPIPS [30] and Dream-
Sim [4]. For fairness, all methods are evaluated under
the same protocol. As shown in Tab. 8, LoCaSE con-
sistently achieves higher correlation with human ratings
than both image-based baselines, demonstrating the advan-
tage of geometry-aware quality assessment for distorted 3D
meshes.

6.7. Evaluation on the Shape Grading Dataset

We further evaluate LoCaSE on the synthetic Shape Grad-
ing dataset to examine its generalizability beyond our main
benchmark. As shown in Tab. 12, compared with SAUCD,
LoCaSE obtains slightly lower PLCC but higher rank corre-
lations in both SROCC and KROCC. These results indicate
that LoCaSE generalizes well to synthetic data and remains
competitive on a dataset with different distortion character-
istics.

Table 12. Evaluation on the synthetic Shape Grading dataset. Lo-
CaSE achieves competitive performance and higher rank corre-
lation than SAUCD, demonstrating good generalizability to syn-
thetic distortions.

Method PLCC SROCC KROCC
SAUCD  0.598 0.611 0.453
LoCaSE 0471 0.651 0.473

6.8. Computational efficiency

We evaluate the computational efficiency of our metric
compared to previous metrics in GFLOPs. The number of
vertices is set to 10,000, and for IoU, the resolution is set
to 256 x 256 x 256. We observe that, as a learnable met-
ric, our metric can achieve good performance while being
reasonably computationally efficient. The result is shown
in Tab. 13

Table 13. Computational complexity comparison of different met-
rics.

Metrics ‘CD IoU F-score P2S ND UHD SAUCD \ Ours (Learnable)
GFLOPS‘ 1.6 0.084 2.0 20 30 08 4000 \ 69.94

7. Broader impact and future work

The proposed LoCaSE metric aims to bridge the gap be-
tween geometric fidelity and human-perceived realism in
3D shape evaluation. As 3D content becomes increasingly
prevalent in gaming, virtual reality, digital humans, and
simulation-driven industries, having an evaluation metric
aligned with human perception can significantly improve
the quality and trustworthiness of generated content. Our
metric may assist designers and researchers in producing
more perceptually accurate 3D models, reducing trial-and-
error cycles and manual inspection. However, there is also
potential for misuse, such as optimizing 3D shapes to de-
ceptively maximize perceived realism while compromising
physical plausibility or safety (e.g., in medical or robotics
applications). We encourage future work to consider fair-
ness, interpretability, and misuse detection in perceptual
evaluation metrics.

There are several promising directions for future re-
search. First, while our metric is trained on 3D meshes
with human-annotated fidelity, expanding to other modal-
ities (e.g., point clouds, implicit fields, or textured Gaus-
sians) could improve its generality. Second, integrating
temporal consistency and motion-awareness may enable
perceptual fidelity evaluation for dynamic 3D content such
as animations or volumetric videos. Third, further improv-
ing robustness under noisy or incomplete input conditions
could benefit real-world deployment. Lastly, developing a
no-reference metric version that does not rely on a ground
truth mesh remains an open and impactful challenge.
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