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Figure 1. Predicting complete shapes from partial, noisy inputs (1) that closely resemble the ground truth (2) object remains challenging
when the input is highly ambiguous. We explore models that fit generative priors to latent distributions, enabling multi-modal shape com-
pletion. The generative models produce multiple plausible predictions (3-5) covering the range of possibilities (in descending similarity
to ground truth), with some completions surpassing the quality of the single prediction (6) from discriminative models.

Abstract

While generative models have seen significant adoption
across a wide range of data modalities, including 3D data,
a consensus on which model is best suited for which task
has yet to be reached. Further, conditional information
such as text and images to steer the generation process
are frequently employed, whereas others, like partial 3D
data, have not been thoroughly evaluated. In this work,
we compare two of the most promising generative models–
Denoising Diffusion Probabilistic Models and Autoregres-
sive Causal Transformers–which we adapt for the tasks of

generative shape modeling and completion. We conduct a
thorough quantitative evaluation and comparison of both
tasks, including a baseline discriminative model and an ex-
tensive ablation study. Our results show that (1) the dif-
fusion model with continuous latents outperforms both the
discriminative model and the autoregressive approach and
delivers state-of-the-art performance on multi-modal shape
completion from a single, noisy depth image under realis-
tic conditions and (2) when compared on the same discrete
latent space, the autoregressive model can match or exceed
diffusion performance on these tasks.



1. Introduction
In the domain of 3D computer vision, generating complete
object shapes from partial and often degraded observations
is an enduring challenge, particularly for applications re-
quiring high-fidelity, visually appealing object meshes, such
as computer graphics, or accurate geometry for downstream
tasks like robotics or augmented reality.

In this work, we focus on the task of single-view 3D
shape completion, aiming to infer the complete 3D shape of
an object from partial observations, such as a single depth
image.

Many previous works have tried to tackle this problem
using discriminative models [9, 23, 40, 55, 58, 67, 73], but
the inherent ambiguity of the task forces these models to
predict the average over all plausible completions [22, 54],
often resulting in unrealistic, low-fidelity outcomes.

Meanwhile, generative models have shown impressive
results across modalities like text [3, 14, 43, 44] and au-
dio [74] (1D), 2D images [21, 25] and recently also 3D
data [66, 72, 75, 76, 79]. The latter have also been con-
ditioned on varying modalities like text or images [76, 79]
and, in some cases, limited qualitative results on partial 3D
data are presented [63, 66, 76]. Few works on generative
3D shape completion additionally provide limited quantita-
tive evaluation [6, 52, 61, 72, 77], while none include the
direct comparison to discriminative models.

The exact quantitative evaluation of generative models
in general, and in the context of shape completion in partic-
ular, is still an active area of research, and a consensus on
the best modeling paradigm and evaluation metrics has yet
to be reached. This is notable in the variety of employed
metrics and their exact definition and evaluation protocols.
The situation gets aggravated by the fact that details and
code for evaluation are often not provided, making it hard
to reproduce and compare results.

To address this gap, we investigate two of the most
promising generative models, Denoising Diffusion Proba-
bilistic Models (DDPM) [21, 25] and Autoregressive (AR)
Causal Transformers [59], on the tasks of generative shape
modeling and completion. We conduct a thorough quanti-
tative evaluation of both tasks, including a fair comparison
between the two models through training on the exact same
latent space and between the discriminative versus gener-
ative modeling paradigms. An extensive ablation study is
also provided. All code, weights, and data used in this work
will be made publicly available upon publication.

Our main findings are: (1) Diffusion models outper-
form autoregressive models on both generative shape mod-
eling and completion, which we are able to clearly attribute
to the more expressive latent space of Variational Auto-
Encoders [28] (VAE) used by the diffusion models com-
pared to their vector-quantized variants [57] (VQ-VAE) re-
quired for latent autoregressive training. Indeed, the ad-

vantage of diffusion vanishes, and the outcome is reversed
when both models are trained on the VQ-VAE latent space.
(2) Our best generative model outperforms the discrimina-
tive model in shape completion across all metrics by a large
margin under correct evaluation.

We summarize the main contributions of this work as
follows:

1. State-of-the-art (SOTA) multi-modal shape completion
from a single, noisy depth image under realistic condi-
tions.

2. Rigorous, quantitative evaluation of both generative
shape modeling and completion.

3. Detailed, quantitative comparison of generative and dis-
criminative models for shape completion.

4. Fair, quantitative comparison of DDPMs and AR Causal
Transformers for shape modeling and completion.

5. A runtime-optimized reference implementation of the
evaluation protocol, including a large number of com-
monly used metrics.

2. Related Work

Discriminative shape modeling. Early works, enabled
by the advent of large 3D object datasets [4], predicted
shapes using 3D convolutional networks on coarse voxel
grids [13, 18, 49, 53, 58, 64, 67] and later expanded to point
clouds [55, 69, 73] and triangle meshes [17, 60]. More
recently, implicit function representations using signed-
distance [40, 65] or binary occupancy [9, 22, 23, 36, 41]
fields have gained traction due to their simple training ob-
jective and strong representation power.
Generative shape modeling. Learning to fit distribu-
tions to shapes has followed a similar trajectory, from
voxel [11, 52, 63], point [1, 68, 72] and mesh [33] to im-
plicit [6–8, 10, 12, 16, 34, 38, 51, 61, 66, 75–79] repre-
sentations. These methods can be further demarcated along
data [1, 6, 7, 11, 16, 33, 34, 52, 61, 63, 68, 77–79] or la-
tent [8, 10, 12, 38, 51, 66, 72, 75, 76] space generative
modeling and into diffusion [10, 12, 34, 51, 56, 76, 79] or
autoregressive [38, 66, 75] training paradigms.
Single-view 3D reconstruction. While closely related to
shape completion, 3D reconstruction involves the additional
challenge of transferring information from 2D to 3D. Due
to its relevance and despite its complexity, it has attracted
great attention among both discriminative [7, 26, 49, 53, 60,
64, 65] and generative [11, 12, 16, 33, 38] methods.
Shape Completion. Obtaining the full 3D geometry from
a partial, potentially degraded observation remains a sig-
nificant challenge but has advanced significantly through
both discriminative [13, 18, 22, 23, 55, 58, 67, 73] and
generative [6, 8, 10, 12, 38, 52, 61, 63, 72, 77] model-
ing paradigms. Some additional works mention but do
not focus on shape completion [1, 40, 41, 66, 76]. Most



works that focus on shape completion provide some quan-
titative evaluation [8, 10, 12, 13, 18, 22, 23, 52, 55, 58, 67,
72, 73], but rely either exclusively on global dataset statis-
tics [8, 10, 12, 38, 61] or instance-level reconstruction qual-
ity [13, 18, 22, 23, 52, 55, 58, 67, 72, 73]. A direct com-
parison between generative and discriminative models for
shape completion is still missing.

The shape completion task is not clearly defined and is
therefore used to mean different things in different works.
Most works simply remove parts of the input using a cut-
ting plane or volume. Some works render depth images [6,
13, 18, 22, 23, 52, 58, 67, 77] few of which additionally
add some noise to the projected point cloud [22, 23]. Ex-
cept for [22, 23, 49, 54], the vast majority of works train
in an object-centered coordinate system [54] instead of in
camera–i.e. view-centered–coordinates which significantly
simplifies the task.

3. Method
Preliminaries. Given a 3D object shape represented by a
point cloud x = {xi ∈ R3}Ni=1 ∈ X we train a VAE fθ
to predict the binary occupancy probability for any point
p ∈ R3 as fθ : R3 × X → [0, 1] which is equivalent to the
discriminative training objective

ŷ = pθ(y = 1 | p, x) (1)

where y ∈ {0, 1} is the occupancy label for point p and
ŷ ∈ [0, 1] is the predicted occupancy probability. The VAE
consists of an encoder E that maps the input point cloud to a
latent code z = E(x) and a decoder D that tries to map the
latent code back to the input space, giving x̂ = D(E(x)).

Once the VAE is trained, we fit a generative prior G on
its latent distribution p(z) to increase its expressiveness. We
can further condition G on signal c during training to con-
trol the generation process. We train both a diffusion [21]
model,

pϕ(z0:T | c) = p(zT )

T∏
t=1

pϕ(zt−1, c) (2)

and an autoregressive [59] model,

pϕ(z | c) =
L∏

i=1

pϕ(z<i, c) (3)

, where T is the number of (de)noising steps and L the num-
ber of autoregressive steps.
Model architecture. We build on Zhang et al. [76] for
the VAE and diffusion model architectures. As shown in
Fig. 2, the VAE encoder ingests positional encoded, sam-
pled surface points and cross-attends [59] (also sometimes
referred to as encoder-decoder attention) to farthest-point-
sampled (FPS) queries to encode the surface points into

a fixed-length latent set. From this latent set, a diagonal
Gaussian parameterization is predicted for the VAE while
being quantized into fixed codebook entries in the VQ-
VAE [57] case, as required for autoregressive training. The
sampled (VAE) or quantized (VQ-VAE) latent code is then
processed by multiple Transformer [59] encoder layers with
layer norm, self-attention, and feed-forward components.
Finally, the occupancy probability for p is predicted through
cross-attention between positional encoded point coordi-
nates and the latent code. We refer to Zhang et al. [76] for
further details.

We make the following changes to the VAE architecture
of Zhang et al. [76]: (1) We use the original NeRF [37] po-
sitional encoding for both the surface and occupancy points.
(2) We add a layer-normalization and feed-forward compo-
nent to the input encoding stage. (3) We use multi-headed
attention [59] throughout the entire model. (4) We half
the input dimension of all GeGLU [48] activations. These
changes allow us to train a VAE of one-third the size of the
original while achieving the same performance (Tab. 10).

Despite a large codebook as suggested in Rombach et al.
[46] and various improvements to VQ-VAE training from
the literature like K-means initialization [74] and compres-
sion of the codebook dimension [70] which indeed increase
reconstruction quality, we are unable to match the perfor-
mance of the continuous VAE (Tab. 1). We found code-
book sampling [31] and regularization [70], expiring of
stale codes [74] and Finite Scalar Quantization [35] as well
as Lookup Free Quantization [71] to be ineffective (abla-
tions can be found in the supplementary material).

For unconditional generative training, both the diffusion
and autoregressive models share the same Transformer en-
coder design. In their conditional configuration, all layers
are replaced by Transformer decoder blocks, which add a
cross-attention component. The autoregressive model uses
causal self-attention. As an alternative to conditioning via
cross-attention, we can prepend the conditioning vector to
the latent code (Tab. 12). The diffusion model uses adaptive
layer normalization [42] for time-step conditioning.
Training. We train all models in mixed precision using the
Adam [27] optimizer with a linear warmup, cosine anneal-
ing learning rate schedule peaking at 0.0001 and effective
batch size of 256 on 4-8 NVIDIA A100 80GB GPUs for
800-2000 epochs. We use weight decay of 0.005, exponen-
tial moving average over weights and gradient clipping. We
found the former to benefit diffusion model performance
and the latter being crucial for stable (VQ-)VAE training.
During the auto-encoding stage, we augment the inputs by
adding Gaussian noise to the surface points and indepen-
dently randomly scale all axes by up to 20%. Contrary
to Zhang et al. [76], we do not use this type of augmentation
during training of the latent generative model to prevent the
generation of distorted shapes during inference.



Figure 2. Generative shape completion. (1) Given an input point cloud (1.2) sampled from the surface of an object (1.1), we apply
a positional encoding (1.3) and aggregate the entire point cloud into a farthest-point-sampled (FPS) set (1.4) as in Zhang et al. [76],
which we additionally passed through a feed-forward network to form a latent code. (2) We then model these latents either as a diagonal,
multivariate Gaussian (2a) or quantize them into a fixed-sized codebook (2b) forming our (VQ-)VAE encoder and train a diffusion or
autoregressive model on top, respectively. For shape completion, we condition the generative model on the encoding of a partial view (P)
using a pre-trained feature extractor, which shares the overall architecture of the VAE. (3) We then predict occupancy probabilities through
cross-attention between query points and latents sampled from the latent generative model, processed by N Transformer encoder layers,
forming the VAE decoder. (4) Optionally, a mesh can be extracted using the Marching Cubes algorithm. During inference, we discard the
VAE encoder and sample latent codes either autoregressively or via denoising of samples drawn from a standard normal distribution.

4. Experiments
This section comprises four parts: We begin by discussing
evaluation metrics, then validate our models’ reconstruc-
tion and generative modeling performance. Next, we assess
shape completion capabilities under increasing complexity
and realism. Finally, we conduct ablation studies examin-
ing how various design choices affect overall model perfor-
mance.

All experiments utilize the ShapeNet (v1) dataset [4], un-
less otherwise specified, with training data generated fol-
lowing the approach of Humt et al. [23].

4.1. Metrics

As alluded to in the introduction, many evaluation metrics
for reconstruction and generative modeling have been pro-
posed, and no consensus on their relative importance has
been reached. We, therefore, evaluate our models across a
wide range of metrics to provide a comprehensive view of
their performance.
Instance-level. To evaluate the reconstruction quality, we
rely on (volumetric) Intersection-over-Union (IoU) (if ap-
plicable) and bidirectional L1 Chamfer Distance (CD),
scaled following Mescheder et al. [36]. We further make use
of F1-score as well as Precision and Recall, also referred

to as accuracy and completeness in Tatarchenko et al. [54].
IoU can only be evaluated for watertight meshes, but we opt
to evaluate against the original meshes from ShapeNet to
facilitate reproduction and comparison and for consistency
with the generative modeling evaluation.

Set-level. All of these metrics measure instance-level per-
formance, as opposed to the following metrics most com-
monly used for evaluating the generative quality, which
measure set-level or global performance.

The earliest metrics for evaluating generative models
are Minimum-Matching-Distance (MMD) and Coverage
(COV) [1] which we retire in favor of Leave-One-Out 1-
Nearest-Neighbor Accuracy (1-NNA), proposed to allevi-
ate the shortcomings of MMD and COV [68]. Some works
also use Edge Count Difference (ECD) [24] as well as Total
Mutual Distance (TMD) and Unidirectional Hausdorff Dis-
tance (UHD) [61] which we found to be less informative
and refer to the appendix.

More recent additions are Fréchet [50] and Kernel [76]
Pointcloud Distance (KPD, FPD), which compute the
Fréchet and Kernel distance between point features ex-
tracted from the generated and ground truth surface points.
These are highly informative but rely on a pre-trained fea-
ture extractor, which each work redefines and retrains, mak-



ing comparison impossible. We reuse the features of our
VAE trained on the reconstruction task, which we find to
be more informative than the commonly used features from
models trained on point cloud classification. Furthermore,
this not only frees us from training yet another model but
also provides a close to normally distributed feature space,
an implicit assumption of the Fréchet distance. Following
prior work [1, 68, 76, 78], these set-level metrics are com-
puted on the test split.

Finally, we also evaluate the perceptual quality of the
generated shapes using the (shading-image-based) Fréchet
Inception Distance (FID) [19] and Kernel Inception Dis-
tance (KID) [2] which measure the distance between the
feature distributions of images of generated and real ob-
jects, rendered from uniformly sampled viewpoints. Here,
we additionally employ CLIP [45] features from a Vision
Transformer [15] as proposed in Kynkäänniemi et al. [30]
and shown to align better with human perception than In-
ception features (results for this metric can be found in the
appendix).

Sajjadi et al. [47] show how FID can be decomposed into
Precision and Recall of which we use the improved version
by Kynkäänniemi et al. [29] relying on k-NN instead of k-
means clustering. We propose to employ the same decom-
position for KPD. Naeem et al. [39] claim an even better
decomposition into Density and Coverage exists, but due to
lack of adoption, these are provided in the appendix.

Again, following prior convention, we evaluate FID and
its decompositions as well as KID on the train split.

4.2. Results

Reconstruction. The reconstruction quality of the VAE de-
termines the upper bound for the latent generative model
performance. As shown in Tab. 1, first row, our VAE
achieves comparable performance to the current SOTA [76]
on watertight meshes, but due to differences in training data,
no direct comparison can be made. The VQ-VAE (second
row) falls short of the VAE but performs reasonably well
for a large and diverse dataset such as ShapeNet. We also
include the performance on the original ShapeNet meshes
in the table’s lower half (3rd and 4th row) for reference and
future comparison. Interestingly, while the models are well
calibrated on the watertight meshes, achieving similar pre-
cision and recall, on the original meshes, recall is lacking
behind significantly, which we attribute to loss of (interior)
detail during the watertightening process.
Generative Modeling. To validate the performance of
the latent generative training, we compare our class-
conditional LDM against two recent SOTA baselines, LAS-
Diffusion [79] (LAS-Dif.) and 3DShape2VecSet [76]
(3DS2VS) on the same subset of classes. We use the pro-
vided model checkpoints, as retraining these models incurs
a significant computational overhead. The results are shown

Chamfer ↓ F1 ↑ Precision ↑ Recall ↑
VAE 0.032 98.33 98.62 98.13
VQ-VAE 0.069 89.33 89.34 89.83

VAE 0.091 77.19 82.60 74.53
VQ-VAE 0.116 70.53 74.47 69.08

Table 1. Reconstruction quality; class average. Upper half shows
performance on watertight meshes, lower half on original meshes.

in Tab. 2.
Due to differences in training data and procedures, we

are able to outperform the superior 3DShape2VecSet base-
line across all metrics while sharing the overall model archi-
tecture. All models show much higher precision than recall,
indicating paths toward future improvement.

1-NNA↓ FPD↓ KPD↓ Prec.↑ Rec.↑

C
ha

ir LAS-Diff. 59.08 99.17 9.31 96.90 63.37
3DS2VS 58.94 94.01 7.16 85.67 77.10
Ours 58.49 89.59 6.97 95.57 60.71

Pl
an

e LAS-Diff. 82.67 257.66 34.79 75.00 11.39
3DS2VS 69.68 165.01 22.35 68.32 34.16
Ours 69.06 139.68 17.05 84.16 30.94

C
ar

LAS-Diff. 86.32 99.02 16.27 62.62 55.67
3DS2VS 91.05 170.99 27.71 60.88 39.65
Ours 82.18 84.74 16.62 59.41 48.20

Ta
bl

e LAS-Diff. 55.35 158.87 19.95 94.59 72.12
3DS2VS 56.76 148.10 15.08 92.47 71.53
Ours 53.71 128.35 9.53 96.71 67.65

R
ifl

e LAS-Diff. 77.43 693.84 115.63 96.62 34.60
3DS2VS 66.03 418.01 57.75 91.98 50.63
Ours 70.46 347.78 52.89 95.78 30.80

M
ea

n LAS-Diff. 72.17 261.71 39.19 85.15 47.43
3DS2VS 68.49 199.22 26.01 79.86 54.62
Ours 66.78 158.03 20.61 86.33 47.66

Table 2. Comparison of class-conditional generative models.

We then proceed to compare our unconditional LDM and
AR models. According to Tab. 3, the AR model is out-
performed by the LDM, which we attribute to the superior
reconstruction quality of the VAE, as established in the pre-
vious section.

To test this hypothesis, we train both a class-conditional
LDM and AR model on the same discrete VQ-VAE latent
space. This setup uses an embedding of the class labels as
conditioning information c. As evident from Tab. 4, the AR
model is able to outperform the LDM in this setting. For ref-
erence, we also include the results of the class-conditional



Diffusion (VAE) AR (VQ-VAE)

FID ↓ 32.62 35.76
KID ×103 ↓ 13.00 13.17
Precision ↑ 50.27 50.26
Recall ↑ 48.08 42.08

Table 3. Comparison of diffusion and autoregressive uncondi-
tional generative shape modeling on continuous (VAE) and dis-
crete (VQ-VAE) latents.

LDM trained on the continuous VAE latents.

VQ-VAE VAE

Diffusion Autoregressive Diffusion

FID ↓ 42.98 33.58 30.02
KID×103 ↓ 18.03 12.05 11.16
Precision ↑ 38.59 51.61 53.94
Recall ↑ 37.98 43.51 46.88

1-NNA ↓ 67.93 66.54 65.01
FPD ↓ 80.38 77.51 73.03
KPD ↓ 4.30 5.14 4.43
Precision ↑ 92.17 91.62 91.51
Recall ↑ 54.19 60.87 60.00

Table 4. Comparison of diffusion and autoregressive class-
conditional generative shape modeling on the same latent space.

Shape Completion. We now come to the main results of
this work, comparing the discriminative and generative ap-
proach on the shape completion task. Our discriminative
model architecture is identical to the VAE used for shape
auto-encoding, except for the variational part and the fact
that the input is now a partial view of the object. The
encoder of the trained discriminative model is repurposed
as feature extractor to the latent generative model to pro-
vide highly informative conditioning information. We tried
training a dedicated feature extractor on the classification
task but found this to result in worse performance (Tab. 12).

The simplest task we consider is shape completion from
a rendered depth image in object-centric coordinates. Due
to self-occlusions, this is still significantly more challenging
than random removal of parts of the object, as is common
practice. Contrary to unconditional and class-conditional
generation, shape completion is only evaluated on the test
split, as we are interested in generalization to novel in-
stances instead of faithfully capturing the underlying data
distribution. In this simplified setup, the discriminative
model is able to slightly outperform the generative model
on both set-level (upper part) and instance-level (lower part)
metrics (Tab. 5). Following Tatarchenko et al. [54], this is
to be expected, as the discriminative model can bypass the

complex shape completion task and learn the more straight-
forward retrieval task instead.

Discriminative Generative

1-NNA ↓ 30.451 30.806
FPD ↓ 71.126 71.782
KPD ↓ 5.622 6.115
Precision ↑ 93.928 94.851
Recall ↑ 77.184 76.385

Chamfer ↓ 0.118 0.122
F1 ↑ 70.681 69.098
Precision ↑ 74.795 72.485
Recall ↑ 69.226 68.149

Table 5. Generative vs. discriminative shape completion from a
single depth image in object-centric coordinates.

Moving on to shape completion in camera coordinates
(Tab. 6), the results from the previous tasks are reversed for
the set-level metrics. Now, the generative model appears
slightly better than the discriminative model, which can no
longer entirely rely on the retrieval shortcut. Still, the dis-
criminative model has a slight edge in instance-level perfor-
mance.

To understand why, recall that discriminative models are
forced to predict the best average result when faced with
ambiguous inputs, whereas generative models when only
queried once, can and will predict a single, plausible re-
sult, which is not necessarily as close to the ground truth as
the average. To test this hypothesis, we move on to the fi-
nal, most complex shape completion task: the completion of
noisy depth images (in camera coordinates) as captured by
widely available RGB-D sensors like the Microsoft Kinect.

Discriminative Generative

1-NNA ↓ 31.481 31.099
FPD ↓ 74.817 70.269
KPD ↓ 6.540 5.893
Precision ↑ 92.134 92.276
Recall ↑ 77.557 77.610
Density ↑ 0.845 0.920
Coverage ↑ 0.782 0.795

Chamfer ↓ 0.125 0.128
F1 ↑ 69.070 68.081
Precision ↑ 74.174 72.669
Recall ↑ 66.475 65.912

Table 6. Generative vs. discriminative shape completion from a
single depth image in camera coordinates

Instead of generating a single completion, which goes
against a generative model’s actual benefit and strength, we



now instead produce 10 completions per input and pick the
one with the highest F1-score. We argue that this is the cor-
rect way to assess the generative model’s upper-bound per-
formance, as we are interested in its ability to produce not
just plausible but also more accurate results than a discrim-
inative model when faced with ambiguous inputs. Tab. 7
confirms our hypothesis in which the generative model (G)
now consistently outperforms the discriminative model (D)
by a large margin across all metrics. This effect can also be
observed in Fig. 1 and 3 where the generative model pro-
duces always plausible and, in the best case, also more ac-
curate completions than the discriminative model.

In a final experiment, we investigate the model perfor-
mance under domain shift and evaluate both the discrimina-
tive and generative model on the Automatica/YCB dataset
by Humt et al. [23]. The results in Tab. 8 show both the
superior performance of our discriminative model over the
equivalent model of [23] which are still further improved
upon by the generative model, as illustrated in Fig. 3. While
Chamfer distance remains unchanged for the discriminative
model and slightly increases for the generative model, this
metric is strongly effected by outliers and poor at distin-
guishing visual quality [1, 32, 62]. Qualitative results on
real Kinect depth data can be found in the appendix.

Figure 3. Examples from the Automatica/YCB dataset. Left to
right: input, ground truth, generative (best), discriminative.

Ablations. To justify and inform our design choices, we
perform an extensive ablation study on model size (Tab. 10),
number of diffusion steps (Tab. 11), type of condition-
ing information (Tab. 12), and the conditioning approach
(Tab. 13). We also provide an ablation on the number of
completions accompanying Tab. 7.

A single completion achieves results comparable to the
discriminative model, while as few as two completions al-
ready outperform it. Including the results for ten comple-
tions from Tab. 7, there is some indication of diminishing
returns for larger numbers.

To obtain the small models with approximately one-third
of the parameters of the large variants, we simply halve the
number of layers and the input dimension of all GeGLU ac-
tivations. We find that the size of the model has a strong
influence on latent generative modeling but not on auto-
encoding (Tab. 10).

Recent diffusion models [25] require only a fraction of
the number of denoising steps during inference as the orig-
inal DDPMs [21]. We follow Zhang et al. [76] and use as
little as 18 steps during inference. Nonetheless, we ablate
this choice and find that doubling the number has a dis-
cernible impact while further increases show diminishing
returns (Tab. 11).

We also investigate the impact of different feature types
used for conditioning the generative models on the shape
completion task. We find that the features from a model
trained on classification are worse than those from a model
trained for auto-encoding and, contrary to findings in Chen
et al. [5], the features of the final layer are superior to those
from the middle of the model for this task. Fine-tuning
the feature extractor alongside the training of the generative
model provides further improvement (Tab. 12).

Finally, while not competitive against the diffusion mod-
els on the shape completion from Kinect depth task, the
beginning-of-sequence conditioning where we prepend the
conditioning features to the latent code of the VQ-VAE
consistently outperforms conditioning via cross-attention
(Tab. 13). This has the advantage that no additional cross-
attention components must be added to the model, but it
doubles the sequence length.

5. Conclusion
This work highlights the potential of generative modeling as
an effective approach for high-fidelity 3D shape completion
from single-view depth images. Through rigorous quantita-
tive comparison to a discriminative method, we establish the
advantage of generative models in effectively handling par-
tial, noisy, and ambiguous input data for shape completion
under realistic conditions, both regarding coverage of plau-
sible alternatives and also accuracy in relation to a single
ground truth complete shape. While this particular strength
of generative models can be partially explained by their ba-



1-NNA↓ FPD↓ KPD↓ CD↓ F1↑ Prec.↑ Rec.↑
D G D G D G D G D G D G D G

Chair 38.26 33.68 300 128 48.55 16.27 0.396 0.327 43.27 52.47 47.12 56.66 41.09 50.50
Plane 60.27 50.99 426 214 62.18 28.97 0.312 0.290 47.09 55.70 50.70 62.50 45.32 51.86
Car 88.18 74.70 172 114 33.88 17.85 0.283 0.260 38.12 47.64 50.44 58.97 31.19 40.92
Table 38.94 35.94 274 134 31.13 13.57 0.447 0.264 48.04 57.15 49.98 60.37 48.28 56.11
Rifle 57.38 54.22 572 480 85.24 69.68 0.551 0.542 37.39 46.00 41.22 55.53 35.84 41.52

Mean 56.61 49.91 349 214 52.20 29.27 0.398 0.337 42.78 51.79 47.89 58.81 40.35 48.18

All 53.60 48.53 204 103 24.35 9.26 / / / / / / / /

Table 7. Generative (G) vs. discriminative (D) shape completion from a single Kinect depth image. Instance-level metrics (CD, F1,
Prec., Rec.) are ’best-of-10’ for the generative model, which is already competitive with the discriminative model at N=1 (See Tab. 9).

CD ↓ F1 ↑ Prec. ↑ Rec. ↑
Kinect [23] 0.305 43.37 44.69 42.85
Discriminative 0.297 45.99 47.02 45.83
Generative 0.346 52.92 54.23 52.43

Table 8. Generative vs. discriminative shape completion on the
Automatica/YCB dataset.

N = 1 N = 2 N = 3 N = 5

Chamfer ↓ 0.38 0.36 0.35 0.35
F1 ↑ 41.04 45.12 47.03 49.37
Precision ↑ 46.50 51.08 53.26 55.90
Recall ↑ 38.75 42.42 44.10 46.14

Table 9. Ablation on the number of generative completions N .

VAE Diffusion

Small Large Small Large

CD↓ 0.09 0.09 FID↓ 39.46 32.62
F1↑ 77.19 76.52 KID↓ 17.48 13.00
Prec.↑ 82.60 83.36 Prec.↑ 41.72 50.27
Rec.↑ 74.53 72.60 Rec.↑ 48.64 48.08

Table 10. Ablation on model size.

T = 18 T = 35 T = 50 T = 100

FID ↓ 34.10 31.61 31.14 30.93
KID ×103 ↓ 13.63 12.31 12.05 11.89
Precision ↑ 47.57 51.64 52.23 52.70
Recall ↑ 46.49 46.71 46.64 46.53

Table 11. Ablation on the number of diffusion steps T .

sic design, our empirical analysis uncovers details of their

Class. Recon. Middle Final Final FT

FPD↓ 84.5 70.3 129.1 113.0 103.4
KPD↓ 7.4 5.9 12.2 10.4 9.3
Prec.↑ 91.2 92.3 87.4 88.4 88.5
Rec.↑ 73.1 77.6 60.9 68.1 70.7

Table 12. Ablation on conditioning type: classification (class.) vs.
reconstruction (recon.) and middle vs. final layer as well as final,
fine-tuning (FT) features.

BOS Cross-Attn

1-NNA ↓ 55.26 55.75
FPD ↓ 167.57 181.96
KPD ↓ 17.57 19.42
Precision ↑ 84.62 85.74
Recall ↑ 43.66 39.68

Chamfer ↓ 0.43 0.43
F1 ↑ 36.47 34.61
Precision ↑ 39.18 36.64
Recall ↑ 35.62 34.32

Table 13. Ablation on Beginning-of-sequence (BOS) vs. cross-
attention (Cross-Attn) conditioning during autoregressive training.

performance characteristics and also highlights key differ-
ences between latent diffusion-based and autoregressive ap-
proaches.

Limitations include the need to generate, and automati-
cally select from, multiple completions to achieve optimal
performance and a focus on specific model architectures,
which may limit generalizability.

Future work will explore possible improvements in
generative conditioning techniques such as Classifier-Free
Guidance [20] and in quantized feature extraction from
Residual VQ-VAEs [74] to unlock the full potential of au-
toregressive models in this domain.
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