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A. Implementation Details
Here, we extend Sec. 3 from the main text to provide fur-
ther details on the implementation and training. We train
our VAEs for 800 epochs with an effective batch size of 512
and a learning rate of 4×10−4 on four NVIDIA A100 80GB
GPUs in less than a day; a fourth of the compute budget re-
ported by Zhang et al. [26]. This is made possible through
the reduction in model size (from ∼106 million to ∼35 mil-
lion parameters), utilization of flash-attention [3, 4] (native
to PyTorch ≥ 2.2), fused CUDA-kernels for NeRF encod-
ing [16], GPU-accelerated farthest-point-sampling1 (FPS)
and bfloat16 mixed-precision training.

All latent generative models–both diffusion and
autoregressive–have approx. the same size as the one
in [26] (109-164 million parameters) and are trained for
2000 epochs with an effective batch size of 256 and a
learning rate of 10−4 on four A100 GPUs in less than two
days; which again represents a fourth of the compute used
by [26]. We visualized the training progress, measured FID
every 25 epochs, and observed the majority of improvement
occurring within the first 500 epochs.

We find that while the VAEs are more sensitive to the
range of representable values, thus requiring bfloat16
precision, the diffusion models require higher resolution
and, therefore, must be trained in float16 precision to
prevent divergence.

B. Metrics
As discussed in the main text (Sec. 4.1), there is no clear
consensus on the choice of evaluation metrics for 3D gener-
ative models, resulting in a great variety of metrics used.
Additionally, their exact definitions and implementations
can vary significantly. For this reason, this section provides
the exact definition (or a reference to it) and additional de-
tails and discussion for all metrics used in our experiments.

B.1. Instance-level

These metrics rely on the comparison of individual in-
stances, i.e., there is a one-to-one correspondence between
prediction and ground truth, s.a. partial input and (best)
completion.

1https://github.com/mit- han- lab/pvcnn/tree/
master/modules

Volumetric Intersection-over-Union. The well-known
Intersection-over-Union metric, while ubiquitously used as
a bounding-box measure in object detection, can also be de-
fined for 3D volumes to evaluate implicit functions. We
follow Mescheder et al. [15] and compute the volumetric
IoU for 105 query points randomly sampled in a unit cube
with additional total padding of 0.1. It is restricted to water-
tight meshes and insensitive to fine details, especially at val-
ues below 50% [23] as well as oversensitive in low-volume
regimes such as thin structures and walls [10]. As a re-
sult, we primarily rely on other metrics for instance-level
3D shape comparisons.
Chamfer Distance. The (bidirectional, L2 or squared)
Chamfer distance (CD) between two sets of points X and
Y was introduced by Fan et al. [7] and used compute COV
and MMD [1] as well as 1-NNA [25] as,
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and later extended to an L1 variant in Mescheder et al. [15]
as the mean of an accuracy and completeness term,
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and, as in [7, 15], multiplied by “1/10 times the maximal
edge length of the current object’s bounding box” resulting
in a factor of 10.

We employ the L2 variant (eq. 1) when used within other
metrics s.a. COV, MMD and 1-NNA–following their origi-
nal definitions [1, 25]–but with |X | = |Y| = 2048 farthest-
point-samples to increase sensitivity and reduce variance–
and the L1 (eq. 2) variant with |X | = |Y| = 105 random
samples otherwise. We found 2048 FPS points to approx-
imately resolve details of 104 random points while signifi-
cantly reducing computation time. We use GPU-accelerated
implementations of both CD2 and FPS. All point clouds for

2https : / / github . com / ThibaultGROUEIX /
ChamferDistancePytorch



evaluation are sampled from the surface of generated and
reference meshes.
Earth Mover’s Distance. While frequently recognized as
a more precise alternative to CD, existing Earth Mover’s
Distance (EMD) [7] implementations almost exclusively
rely on approximate solutions and thus do not guarantee
correctness3, and are still prohibitively slow for large-scale
evaluations, even in their GPU-accelerated form4. We,
therefore, decide to omit EMD from our evaluation.
F-score, Precision & Recall. First defined as a measure
for multi-view 3D reconstruction quality [12] and later in-
troduced to 3D shape completion by Tatarchenko et al. [23],
the F-score is the harmonic mean of precision and recall,
where precision is the ratio of points in the completion that
are close to the ground truth and recall is the ratio of points
in the ground truth that are close to the completion. We
use the default distance threshold of 0.01 and 105 surface
samples for all evaluations.

B.2. Set-level

These metrics compare two sets of instances, such as uncon-
ditional or class-conditional generations, against the train or
test split or multiple completions to a single partial input.
As explained in the previous section, all set-level metrics
are computed on 2048 FPS points.
Coverage & Minimum Matching Distance. For
both Coverage (COV) and Minimum Matching Distance
(MMD) [1], we use the definition exactly as presented
in Yang et al. [25]. While neither their definition of CD nor
MMD divide by the number of points, their code reveals5,
that this average is indeed taken. In doing so, the influ-
ence of the number of points on the metrics is removed. We
implement a batched, GPU-accelerated version for efficient
paired-distance computation between all point clouds from
two sets.
Leave-One-Out 1-Nearest-Neighbor Accuracy. As for
COV and MMD, we use the Leave-One-Out (LOO) 1-
Nearest-Neighbor Accuracy 1-NNA definition of Yang et al.
[25] who proposed it as a more reliable alternative to the for-
mer. While for unconditional and class-conditional genera-
tive models, a score of 50% denotes peak performance, we
point out that for instance-conditioned tasks, such as shape
completion, a perfect model would achieve 0%, as the LOO
NN to the ground truth shape should always be the gener-
ated completion.
Edge Count Difference. We use the definition and im-
plementation6 by Ibing et al. [11], who also recognized the

3https://github.com/facebookresearch/pytorch3d/
issues/211

4https://github.com/Colin97/MSN- Point- Cloud-
Completion/tree/master/emd

5https://github.com/stevenygd/PointFlow/blob/
master/metrics/evaluation_metrics.py

6https : / / github . com / GregorKobsik / Octree -

shortcomings of COV and MMD and propose Edge Count
Difference (ECD) as another alternative. We found that
ECD frequently yields contrary results to all other metrics,
thus making it seem less reliable than, e.g., 1-NNA.
Total Mutual Difference. Designed as a diversity mea-
sure by Wu et al. [24], the Total Mutual Difference (TMD)
for a partial input is the sum of the LOO CD between 10
completions.
Unidirectional Hausdorff Distance. The Unidirectional
Hausdorff Distance (UHD) [24], on the other hand, is sup-
posed to measure fidelity as the average distance from 10
completions to the partial input.
Fréchet & Kernel Pointcloud Distance. Instead of in
metric space, one can also compare point clouds in the
higher-dimensional feature space of a pre-trained neural
network to potentially capture high-level semantic informa-
tion. To this end, Shue et al. [21] define a derivative of the
Fréchet Inception Distance (FID) [9] as the Fréchet Point-
cloud Distance (FPD) between two sets of point clouds.
Similarly, Zhang et al. [26] propose Kernel Pointcloud
Distance as a derivative of the Kernel Inception Distance
(KID) [2]. We use the same 2048 FPS points to compute
FPD and KPD as used for all other set-level metrics and
our pre-trained VAE to extract point features. We reuse
low-level functionality from the clean-fid [18] Python
package.
Fréchet & Kernel Inception Distance. The Fréchet In-
ception Distance [9] computes the Fréchet distance between
two Gaussian distributions in the feature space of the In-
ception V3 [22] network pre-trained on the ImageNet [5]
dataset. Therefore, two implicit assumptions are made:
(1) The feature space follows a Gaussian distribution, and
(2) the images ingested by the Inception V3 network are
identically distributed to the ImageNet dataset. The more
these assumptions are violated, the less reliable FID be-
comes [14].

The second assumption can be somewhat alleviated
through the use of a different pre-trained network, poten-
tially trained on a larger and more diverse dataset such as
CLIP [19] features from a Vision Transformer [6] as pro-
posed in Kynkäänniemi et al. [14]. We refer to this metric
as FIDCLIP.

The Kernel Inception Distance [2] is a non-parametric
alternative to FID, which uses the Maximum Mean Discrep-
ancy [8] to compare the feature distributions of two sets of
images and therefore relaxes the Gaussian assumption.

To measure the perceptual quality of 3D data, FID and
KID are adapted to the 3D domain by Zheng et al. [27] and
Zhang et al. [26] respectively through rendering of shaded
images from 20 uniformly distributed viewpoints around
the object. Shading-image-based FID and KID are the av-
erage FID and KID across all views.

Transformer/blob/master/evaluation/evaluation.py



FID decompositions. Finally, Sajjadi et al. [20] propose a
decomposition of FID into Precision and Recall, improved
upon by Kynkäänniemi et al. [13], which is the definition
we use throughout this work.

Naeem et al. [17] acknowledge the improvements made
by Kynkäänniemi et al. [13] but find remaining failure
cases of the improved precision and recall formulations and
therefore propose Density and Coverage as drop-in replace-
ments.

We further propose to also decompose FPD to obtain an
even more detailed view of the generative performance of
3D data.

B.3. Recommendations

Based on our extensive empirical evaluation and literature
review, we recommend the following metrics for the eval-
uation of 3D generative models in general and the shape
completion task in particular:
• For instance-level evaluation, we only recommend the

F1-score but highly recommend the precision and recall
decomposition. All other metrics in this category, like
CD, EMD, and IoU, feature at least one highly problem-
atic aspect, as discussed in their dedicated sections.

• For set-level evaluation, we strongly recommend KPD
and FPD, especially with a task-specific feature extractor
(ideally a VAE), but shading-image-based FID and KID
are viable alternatives. For both FID and FPD, we recom-
mend the (improved) precision and recall decomposition
to gain valuable insights into the origin of the observed
performance. The only non-feature-based metric we rec-
ommend is 1-NNA.

C. Additional Results
C.1. Quantitative Results

Normal Consistency [15] ↑ IoU ↑
VAE 95.966 93.635
VQ-VAE 92.065 85.453

Table 1. Reconstruction quality; class average. Watertight meshes
only. Extends Tab. 1.

C.2. Qualitative Results
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