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Abstract

This paper introduces LaS-Comp, a zero-shot and
category-agnostic approach that leverages the rich geomet-
ric priors of 3D foundation models to enable 3D shape com-
pletion across diverse types of partial observations. Our
contributions are threefold: First, LaS-Comp harnesses
these powerful generative priors for completion through a
complementary two-stage design: (i) an explicit replace-
ment stage that preserves the partial observation geometry
to ensure faithful completion; and (ii) an implicit refine-
ment stage ensures seamless boundaries between the ob-
served and synthesized regions. Second, our framework is
training-free and compatible with different 3D foundation
models. Third, we introduce Omni-Comp, a comprehensive
benchmark combining real-world and synthetic data with
diverse and challenging partial patterns, enabling a more
thorough and realistic evaluation. Both quantitative and
qualitative experiments demonstrate that our approach out-
performs previous state-of-the-art approaches. Our code
and data will be available at LaS-Comp.

1. Introduction
Shape completion is a fundamental problem in 3D vi-
sion and graphics, aiming to reconstruct complete 3D
shapes from partial observations, with broad applications
in robotics [33, 34], autonomous driving [76, 77, 85], and
AR/VR [3, 40, 79]. An effective shape completion approach
should meet the following requirements: (i) robustly handle
diverse partial patterns, from single-view scans to missing
semantic parts; (ii) well generalize across broad object cat-
egories; (iii) avoid dependence on paired partial–complete
datasets; and (iv) flexibly support both text guidance and
automatic completion without user input for applications.

Traditional methods [50, 51, 54, 55, 58] use hand-crafted
priors to infer the missing geometry from partial observa-
tions. However, such priors lack flexibility and fail to gen-
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Figure 1. Our new framework supports category-agnostic shape
completion across diverse partial patterns, including (a) random
crops, (b) single-view scans, and (c) missing semantic parts. It
further supports both unconditional and text-guided completion,
offering flexible control for real-world applications, see (d).

eralize to diverse real-world shapes. Subsequently, [14, 82]
propose to learn a mapping from partial to complete shapes
by training a neural network. Yet, these methods rely on
paired partial-complete datasets, limiting their generaliz-
ability to unseen categories. To overcome such constraints,
recent works [28, 35, 38] leverage generative priors from
large pre-trained models to enable category-agnostic shape
completion. However, these methods assume that a par-
tial input can be rendered into at least one complete image,
where the object appears geometrically complete in the ren-
dered view. When this assumption fails, e.g. , the incom-
plete regions are visible from any viewpoint (see Fig. 1(c)),
the incomplete renderings lead to degraded results.

Recent 3D foundation models [19, 32, 41, 57, 66, 67, 84,
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88], trained on large-scale datasets [15, 16], show strong
cross-category and in-the-wild shape generation capabil-
ities, enabling a wide range of downstream applications
such as 3D editing [4, 24, 26, 27, 30, 31, 47] and analy-
sis [7, 17, 71–73, 87]. In contrast, existing shape comple-
tion methods struggle to generalize across the diverse in-
put partial patterns and shape categories. This gap moti-
vates us to exploit the powerful geometric priors embedded
in these foundation models for more robust and generaliz-
able shape completion. Yet, unlike earlier 3D generative
models [25, 30, 46, 48, 89] that operate directly in the spa-
tial domain, e.g. , points or voxels, these foundation models
adopt a latent-generative-based pipeline: A variational au-
toencoder first maps shape to a compact latent space, and a
diffusion model is trained over this space. While this design
effectively compresses 3D data and supports scalable train-
ing of large foundation models, it simultaneously introduces
a unique challenge for shape completion. A straightforward
approach for shape completion within the latent framework
is to encode the partial input into the latent space and di-
rectly use the latent codes of these observed regions as con-
ditions to guide the generative model to predict the missing
geometry. However, we observe that even when a complete
shape and its partial input share identical geometry in the
overlapping regions, their latent encodings in those regions
differ significantly. Therefore, directly completing shapes
in latent space becomes unreliable due to this domain gap.

To address this challenge, we propose a zero-shot
Latent–Spatial Consistency Completion (LaS-Comp)
framework, which bridges the gap between the latent and
spatial domains of pre-trained 3D foundation models for
faithful and category-agnostic shape completion. LaS-
Comp operates via a complementary two-stage design:
First, we introduce an Explicit Replacement Stage (ERS),
ensuring fidelity to the input partial shape by directly in-
jecting its geometric information into the latent representa-
tion. Second, we adopt an Implicit Alignment Stage (IAS)
to improve smoothness between observed and synthesized
regions by refining the latent features with a geometry-
alignment loss. By combining explicit geometric replace-
ment with implicit latent refinement, LaS-Comp unleashes
the power of 3D foundation models to deliver high-fidelity
shape completions.

Our framework is compatible with different latent-
generative-based 3D foundation models [66, 67]. By ex-
ploiting the rich geometric priors encoded by these models,
our framework is capable of robustly handling diverse par-
tial patterns, ranging from single-view scans to irregularly
missing regions; see Fig. 1(a-c). Furthermore, our approach
leverages the built-in classifier-free guidance (CFG) mecha-
nism of these foundation models to support both text-guided
and unconditional shape completion, offering flexible user
control; see Fig. 1(d). Finally, we found the evaluation gap

in existing benchmarks [8, 28], which are mostly limited to
single-view partial scans and do not reflect real-world diver-
sity. To bridge this gap, we introduce Omni-Comp: a new
benchmark composed of real-world scans and synthetic data
with diverse, challenging partial patterns, enabling a more
comprehensive in-the-wild evaluation.

In summary, our contributions are listed as follows:
• We introduce LaS-Comp, a novel zero-shot, category-

agnostic 3D shape completion framework. LaS-Comp
bridges the gap between latent and spatial domains via a
two-stage design: the Explicit Replacement Stage (ERS)
preserves fidelity to the partial input, while the Implicit
Alignment Stage (IAS) ensures boundary coherence.

• Our framework is training-free, compatible with different
3D foundation models, and highly efficient. It completes
each shape in 20 seconds, making it over 3× faster than
existing zero-shot methods.

• We introduce Omni-Comp, a new benchmark composed
of both real-world scans and synthetic shapes with diverse
partial patterns to enable more comprehensive in-the-wild
evaluation. Extensive experiments on this benchmark and
others confirm our method’s state-of-the-art performance.

2. Related Work

Supervised Shape Completion. Supervised shape com-
pletion methods learn to reconstruct complete 3D shapes
from partial inputs by training on paired datasets of partial
and complete shapes. Pioneering works [14, 82] established
this paradigm by introducing paired datasets and end-to-end
networks to directly learn the mapping from partial to com-
plete shapes. Subsequent studies [29, 61, 64, 70, 86] em-
ployed coarse-to-fine refinement to better reconstruct miss-
ing regions and recover fine geometric details. Transformer-
based approaches [39, 59, 62, 68, 74, 75, 78, 80, 90] lever-
age attention mechanisms to effectively aggregate multi-
scale geometric features, leading to higher-fidelity shape
completions. Meanwhile, diffusion-based methods [9, 11,
42, 49, 89] formulate shape completion as a conditional
generation task, where the partial input serves as a condi-
tion for the diffusion model [21] to produce a completed
shape. Although effective on in-domain data, these methods
fail to generalize to unseen categories and partial patterns.
Moreover, collecting large-scale paired datasets is costly,
motivating the exploration of unsupervised alternatives.

Unsupervised Shape Completion. To alleviate reliance
on paired data, recent approaches explore unsupervised
shape completion. [6] first leverages unpaired data and ad-
versarial losses. Follow-up works [1, 63, 65, 69, 83] further
advance research through various unsupervised strategies,
e.g., cycle consistency and latent space alignment. Build-
ing upon these efforts, recent self-supervised approaches
[10, 12, 22, 36, 44] relax the need for complete shapes
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Figure 2. Overview of the LaS-Comp framework. Starting from Gaussian noise, the process iteratively refines a latent feature xt under the
guidance of the partial input Sp. At each iteration t, this refinement is performed in two stages: the Explicit Replacement Stage (ERS) and
the Implicit Alignment Stage (IAS). The ERS explicitly injects the known geometry of Sp into xt to produce an updated latent x∗

t . The
IAS then refines x∗

t using a gradient-based optimization, yielding a spatially aligned latent xt−dt for the next step. After the final iteration,
the completed shape Sc is obtained by decoding the refined latent.

by learning geometric priors directly from partial observa-
tions. However, these methods are trained on ShapeNet [5],
which contains limited categories, leading to degraded per-
formance on real-world data or unseen categories.

Shape Completion with Generative Priors. To over-
come the limitations of paired-data supervision, recent
works [28, 35, 38] leverage priors from large-scale pre-
trained generative models for category-agnostic 3D shape
completion. SDS-Complete [35] distills 2D priors from
Stable Diffusion [53] to optimize the signed distance field,
while ComPC [28] extends this idea by initializing partial
inputs as 3D Gaussians and utilizing Zero-1-to-3 [45] to
render multi-view images and iteratively refine them for
shape completion. GenPC [38] renders partial input into an
image, reconstructs a coarse shape via image-to-3D mod-
els [23, 56], and refines it using Zero-1-to-3 [45]. However,
these methods rely on the assumption that partial inputs can
be rendered into at least one reasonably complete image.
When the partial input fails to yield a complete image from
any viewpoint, the incomplete renderings often cause sub-
optimal completion results. To address the limitations of ex-
isting approaches, we propose the first framework that fully
leverages latent-generative-based 3D foundation models for
high-fidelity, zero-shot, and category-agnostic shape com-
pletion. Without relying on any rendering assumptions, our
method robustly handles highly diverse partial input pat-
terns, from single-view scans to irregular occlusions. More-
over, it is fully training-free, enabling seamless deployment
across a wide range of real-world scenarios.

3. Method

3.1. Overview
Given a partial 3D shape Sp ∈ Rk×3, we desire to gen-
erate a completed shape Sc ∈ Rk×3 that is geometrically
faithful to Sp. To achieve this, we introduce the LaS-Comp

framework, which effectively leverages the powerful geo-
metric priors of pre-trained 3D foundation models [66, 67]
for zero-shot shape completion. Through the classifier-free
guidance sampling mechanism [20] of 3D foundation mod-
els, our method supports both text-guided and unconditional
shape completion.

As illustrated in Fig. 2, starting from a Gaussian noise,
our framework iteratively refines it through multiple denois-
ing steps under the guidance of the partial input Sp, pro-
gressively recovering the underlying complete geometry. At
each iteration t ∈ [0, 1], LaS-Comp takes the current latent
feature xt ∈ Rn3×c as input, together with the partial shape
Sp, and performs two complementary operations:
• Explicit Replacement Stage (ERS) explicitly injects the

partial input Sp into xt, producing an updated latent x∗
t

that enforces strict fidelity to the partial input.
• Implicit Alignment Stage (IAS) refines x∗

t through a one-
step optimization guided by a geometric-alignment loss,
which encourages the smoothness between synthesized
and observed regions, producing a coherent latent xt−dt

for the next step (dt is the length of a denoising step).
After the final iteration, the refined latent feature x0 is

decoded through the decoder D to produce the completed
shape: Sc = D(x0). The details of ERS and IAS are
demonstrated in Sec. 3.2 and Sec. 3.3, respectively.

3.2. Explicit Replacement Stage
Taking the latent feature xt from the previous generative
step and the partial shape Sp as input, the ERS performs
primary completion by injecting the geometry of Sp into
the completion process, producing an updated latent feature
x∗
t that explicitly encodes the observed regions.

As depicted in Fig. 3, motivated by the latent decomposi-
tion in FlowDPS [37], we decompose the generation at each
timestep into two branches to enhance both fidelity and di-
versity: (i) a clean branch for enforcing the input fidelity;
and (ii) a noisy branch for improving generation diversity.
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Figure 3. Overview of the Explicit Replacement Stage (ERS). At
each timestep t, ERS decomposes the latent generation into two
parallel branches. The clean branch (top) enforces spatial con-
sistency, yielding x∗

0|t. Concurrently, the noisy branch (bottom)
enhances fidelity, producing x∗

1|t. These two branch outputs are
then interpolated to compute the final aligned latent x∗

t .

Clean Branch. Given the current latent feature xt, the
clean branch uses the generator G to estimate the noise-free
latent feature x̂0|t based on the linear flow path:

x̂0|t = xt − t · G(xt, t), (1)

where G(xt, t) is the predicted velocity from xt towards
x0. This latent feature x̂0|t is then decoded into the spatial
domain to yield a complete shape prediction:

S0|t = D(x̂0|t). (2)

Although S0|t ∈ RN3

provides a complete shape pro-
duced by G, it does not yet faithfully preserve the observed
regions of the partial input Sp. To enforce this fidelity, we
first voxelize the input partial shape Sp into an occupancy
grid of size N3 aligned with the spatial domain of S0|t. We
then construct a binary spatial mask M ∈{0, 1}N3

, where
M = 1 indicates occupied voxels observed in Sp. Using
this mask, we perform a spatial replacement to inject the
known geometry into the generative prediction:

S′
0|t = Sp ⊙M + S0|t ⊙ (1−M), (3)

where ⊙ is element-wise multiplication. This operation ex-
plicitly replaces the geometry with Sp for fidelity. The
missing regions are then completed by the generative pre-
diction S0|t. Next, we feed S′

0|t into the encoder E to pro-
duce a latent feature x∗

0|t that incorporates the geometries
from the partial input as follows:

x∗
0|t = E(S′

0|t). (4)

Noisy Branch. Concurrently, the noisy branch estimates
the noisy latent x̂1|t using the same generator prediction
G(xt, t) as in Eq. (1):

x̂1|t = xt + (1−t) · G(xt, t). (5)

Rather than employing x̂1|t for latent update, we intro-
duce a novel Partial-aware Noise Schedule (PNS) to mod-
ulate the stochasticity during denoising. The motivation is
that x̂1|t treats all spatial regions equally, whereas shape
completion is asymmetric: observed regions should remain
stable to preserve the input geometry, while missing regions
should permit higher stochasticity to explore plausible com-
pletions. The final noisy latent x∗

1|t is then composed as:

x∗
1|t

= M⊙
(√

1−t · x̂1|t +
√
t · ϵ1

)
+(1−M)⊙ϵ2, (6)

where ϵ1, ϵ2 ∼ N (0, I) and M is downsampled to size
of n3 to match the dimensions of the latent features. This
design applies the following mechanisms:
• For the observed regions (M = 1): Since these regions

correspond to the reliable partial input, their latent fea-
tures should remain largely stable during denoising, with
only minimal stochastic disturbance. To achieve this, we
blend the model-predicted noisy latent x̂1|t with Gaus-
sian noise ϵ1 using the coefficients

√
1− t and

√
t. This

schedule imposes a time-dependent perturbation magni-
tude: early iterations inject greater randomness to allow
adjustments that maintain overall coherence, while later
iterations gradually reduce stochasticity and preserve the
geometry of the observed regions.

• For the missing regions (M = 0): No reliable obser-
vations are available to constrain the denoising process.
To encourage broad exploration of the possible comple-
tions, we replace the model-predicted noisy latent with
pure Gaussian noise ϵ2. This promotes diversity in the
generated geometry for the missing areas.
With the updated noise-free latent x∗

0|t and the noisy la-
tent x∗

1|t, we reconstruct the updated latent state x∗
t for the

current timestep t via the forward flow interpolation:

x∗
t = (1−t) · x∗

0|t + t · x∗
1|t, (7)

the resulting latent x∗
t encodes the partial input geometry

via the ERS, where the observed regions are directly im-
posed in the spatial domain. Although this explicit spatial
replacement preserves fidelity to the input, it may introduce
inconsistencies or discontinuities near the boundaries be-
tween observed and synthesized regions. To mitigate these
artifacts and improve local coherence, we feed x∗

t into the
Implicit Alignment Stage (IAS) for a refinement step.

3.3. Implicit Alignment Stage
To improve coherence between observed and synthesized
regions, we introduce the Implicit Alignment Stage (IAS),
which refines the ERS output x∗

t before the next itera-
tion. The refinement begins by estimating a noise-free la-
tent from x∗

t . Refer to the Eq. (1), we reuse the notation
x̂0|t to denote the noise-free latent predicted from x∗

t :

x̂0|t = x∗
t − t · G(x∗

t , t), (8)
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then this predicted noise-free latent x̂0|t is then decoded
into its spatial domain to obtain S0|t:

S0|t = D(x̂0|t). (9)

To reduce the boundary artifacts introduced by the ERS,
we define geometry-alignment loss Lalign to refine the la-
tent feature. This loss provides a localized correction within
the reliable masked regions, helping smooth the discontinu-
ities. Specifically, we use the mask M to select the masked
regions and compute a BCE loss between the predicted oc-
cupancy and the corresponding voxels of the partial input:

Lalign = BCE(S0|t ⊙M ,Sp ⊙M). (10)

Notice that this loss is not used to update the model pa-
rameters. Instead, we compute the gradient of the loss with
respect to the latent feature, and optimize it via a single-step
gradient update to refine it:

xaligned
0|t = x̂0|t − η · ∇x̂0|tLalign, (11)

where η is the learning rate. By refining the feature x̂0|t to
better match the reliable masked regions, we obtain an up-
dated latent feature xaligned

0|t that is more coherent. This up-
dated feature is then used to compute the latent state xt−dt

for the next iteration as follows:

xt−dt = xaligned
0|t + (t−dt) · G(x∗

t , t). (12)

The latent feature xt−dt then serves as the input for the
next iteration of the completion process.

4. Experiments
4.1. Datasets and Implementation details
Evaluation Datasets. We conduct a comprehensive eval-
uation across multiple benchmarks. (i) Redwood [8]: We
follow [28, 35, 38], utilizing 10 reconstructed meshes from
real-world RGB-D scans, with single scans as the partial
input. (ii) Synthetic dataset [28]: Following [28, 43], this
contains 12 objects from different categories, with virtually-
rendered single scans as the partial input. (iii) KITTI [18]:
We follow [6, 83], using cars from real-world LiDAR scans,
with extremely sparse points as the partial input. (iv) Scan-
Net [13]: We follow [6, 12, 83], cropping 48 chairs and 49
tables from real-world single scans (no ground truths).
Proposed Omni-Comp Benchmark. These aforemen-
tioned benchmarks, while valuable, highlight clear lim-
itations for comprehensive evaluation, including limited
scales (e.g. , about 10 meshes in Redwood/Synthetic),
restricted category diversity (e.g. , ≤2 categories in
KITTI/ScanNet), and confinement to a single partial pattern
(e.g. , depth/LiDAR scans). To address these limitations,
we introduce Omni-Comp, a new benchmark designed for

a more comprehensive and robust evaluation of 3D shape
completion. Our benchmark features a challenging set of
30 objects, each from a distinct category, curated from di-
verse sources: 10 real-world scans from Redwood [8] (cho-
sen for complex geometry), 10 real-world everyday objects
from YCB [2] (motivated by downstream applications, e.g. ,
robotic grasping), and 10 synthetic shapes from [60] (cho-
sen for rich semantic structure). Critically, inspired by [83],
our benchmark generates three distinct partiality patterns
for each object: (i) Single Scan: using the projection of
the captured depth map for real-world data, and simulat-
ing a standard depth camera capture for synthetic data; (ii)
Random Crop: Representing arbitrary occlusions by ran-
domly cropping a portion; and (iii) Semantic Part: Keeping
a semantic component and removing other parts. By creat-
ing two samples for each pattern per object, the benchmark
comprises 180 partial samples with ground truths. More de-
tails are in the supplementary material.
Evaluation Metrics. We follow previous works [28, 35,
38, 83] to assess completion quality from three perspec-
tives: (i) Chamfer Distance (CD) and Earth Mover’s Dis-
tance (EMD), reported both ×102, which measures com-
pletion accuracy by the distance between the prediction
and the ground truth; (ii) Unidirectional Chamfer Distance
(UCD) and Unidirectional Hausdorff Distance (UHD), re-
ported ×104 and ×102, which measure the fidelity of the
prediction compared with the partial input; and (iii) Mini-
mum Matching Distance (MMD) and Total Mutual Differ-
ence (TMD), reported both ×102, which assess completion
diversity across multiple outputs. More details are in the
supplementary material.
Baselines. We compare our method against a comprehen-
sive set of recent approaches, categorized into three main
groups, including supervised methods [62, 81, 90], unsuper-
vised methods [12, 83], and generative prior-based (zero-
shot) methods [28, 35, 38]. To ensure a fair comparison,
we adopt the same experiment settings following previous
zero-shot 3D completion methods [28, 35, 38, 83].
Implementation Details. We implement our framework
based on two pre-trained 3D generative foundation models,
TRELLIS [67] and Direct3D-S2 [66]. Following [28], we
sample point clouds from the output meshes with farthest
point sampling for quantitative evaluation. The learning rate
for the one-step IAS refinement step is set to 1×10−5. More
details are in the supplementary material.

4.2. Comparison with State-of-the-art Methods
We present comprehensive analyses across multiple bench-
marks for assessment in this section. For fair visualization,
all point clouds are converted to meshes using [52].
Evaluation on Completion Correctness. We first evalu-
ate the completion correctness on single-scan partial shapes
from the real-world Redwood dataset [8] and synthetic
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Table 1. Quantitative comparisons on Redwood [8]. We highlight the best and second-best results.

CD ↓ / EMD ↓ Table Exe-Chair Out-Chair Old-Chair Vase Off-Can Vespa Tricycle Trash Couch Average

SVDFormer [90] 5.48/6.68 3.20/5.85 0.79/1.45 3.79/5.95 5.70/6.98 5.13/6.71 3.10/4.91 2.73/4.96 3.67/5.05 1.86/2.92 3.54/5.15
AdaPoinTr [81] 5.02/6.25 2.58/4.80 0.82/1.37 3.62/5.64 5.14/6.50 4.47/6.35 1.96/3.54 1.83/3.66 1.21/3.08 1.01/2.09 2.77/4.33
Shape-Inv [83] 1.58/2.84 3.59/5.75 1.36/2.12 4.55/7.39 3.91/7.40 3.10/4.77 4.36/7.24 5.05/7.40 2.48/3.83 1.95/2.76 3.19/5.15
P2C [12] 1.57/2.64 3.87/6.42 1.28/2.10 3.72/5.82 4.54/7.04 3.36/4.82 6.75/10.7 7.78/11.2 3.28/4.21 2.55/3.16 3.87/5.81
SDS-Comp [35] 1.35/2.30 1.96/2.65 2.51/3.92 2.77/3.77 3.00/5.25 3.79/4.28 3.36/5.73 3.18/3.49 2.69/3.21 2.95/4.56 2.74/3.93
PCDreamer [62] 0.82/2.36 1.43/3.56 1.19/2.07 2.61/5.34 2.41/3.64 2.62/3.89 2.20/4.30 2.53/3.82 1.55/2.47 1.47/2.61 1.88/3.41
GenPC [38] 1.28/2.07 1.43/2.29 1.16/1.68 1.36/2.20 2.86/4.85 2.72/4.36 1.36/2.47 1.38/2.97 2.31/3.17 1.58/2.78 1.74/2.88
ComPC [28] 1.73/3.29 1.29/1.85 1.35/1.94 1.14/1.63 2.89/4.13 3.55/3.92 1.21/1.86 2.65/2.48 2.15/2.34 1.59/2.58 1.95/2.59

Ours (Direct3D-S2) 0.75/1.29 1.54/2.16 0.96/1.37 1.11/1.69 2.61/3.89 2.90/2.92 1.35/2.08 1.96/2.41 1.21/1.85 1.95/2.26 1.64/2.19
Ours (TRELLIS) 0.82/1.45 1.25/1.65 0.96/1.38 1.07/1.37 2.09/3.61 2.57/2.53 1.17/1.78 2.07/1.70 1.32/1.76 0.88/1.14 1.42/1.84

Figure 4. Qualitative comparison on Redwood dataset [8]. We compare with various supervised and unsupervised methods [28, 35, 62,
81, 90], and visualize the output as meshes utilizing the commonly-used mesh reconstruction method [52].

data [28, 43], as shown in Tab. 1 and Tab. 2. Our method
achieves state-of-the-art performance in most categories
and demonstrates significant improvements compared to
recent zero-shot methods. Specifically, we outperform
ComPC [28] by 27.2% in CD and 29.0% in EMD, and sur-
pass GenPC [38] by 18.4% in CD and 36.1% in EMD, re-
spectively. We attribute this significant gap to a fundamen-
tal difference in methodology. Prior methods [28, 38] either
rely on generating multiple 2D views for supervision or lift
a 2D rendered image to 3D with post-processing. In con-
trast, our approach directly conducts completion by lever-
aging both the strong generative priors and the rich 3D in-
formation within the partial input, enabling a more robust
and accurate inference of the missing geometry.

We show qualitative comparisons in Fig. 4. For specific
examples, such as the leaf structures of the plant (see Row
(a)) and the rim and wheels of the trash bin (see Rows (b-c)),
our method achieves high fidelity in the observed regions
while generating missing parts with precise surface geome-
try and coherent topology. In contrast, existing methods ei-
ther distort the visible geometry or generate over-smoothed,

implausible structures. This demonstrates that enforcing
latent-spatial consistency with strong 3D generative priors
yields superior geometric realism and structural integrity.

Evaluation on Completion Fidelity. To test generaliza-
tion and robustness to more challenging inputs, we eval-
uate on datasets with complex partiality, including sparse
LiDAR scans from KITTI [18] and noisy depth scans from
ScanNet [13] As shown in Tab. 5, our method outperforms
the latest zero-shot method ComPC [28] by a large margin
in almost all categories, confirming its robustness and supe-
rior fidelity on challenging real-world data. Some qualita-
tive examples can be found in Fig. 5.

Evaluation on Omni-Comp. Our proposed Omni-Comp
dataset specifically tests generalization across diverse par-
tial patterns in both real-world and synthetic scenarios. As
shown in Tab. 4, we report the average metrics on all shapes
according to different partial patterns. Previous unsuper-
vised approaches [28, 35] are heavily optimized for single-
scan patterns, suffer a consistent and significant perfor-
mance drop when generalizing to other partiality types. In
contrast, our method leverages a pattern-agnostic 3D prior,
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Table 2. Quantitative comparisons on the synthetic data [28, 43]. We highlight the best and second-best results.

CD ↓ / EMD ↓ Horse Max-Planck Armadillo Cow Homer Teapot Bunny Nefertiti Bimba Ogre Lucy Dragon Average

SVDFormer [90] 4.33/5.17 8.84/7.95 4.97/6.13 3.50/4.39 2.30/3.20 5.00/5.91 9.61/9.19 5.46/5.94 7.54/7.18 4.90/5.55 2.08/2.93 2.88/4.35 5.12/5.66
AdaPoinTr [81] 4.88/5.45 8.60/8.52 5.14/5.97 3.48/4.51 2.28/3.30 3.92/4.53 9.33/8.86 5.54/6.16 8.16/7.62 4.53/5.41 1.85/2.79 3.07/4.54 5.07/5.64
Shape-Inv [83] 6.55/10.4 4.94/5.72 4.79/7.22 4.74/7.83 2.36/3.75 3.29/4.53 5.79/6.58 4.39/5.70 5.29/6.85 5.76/9.51 2.99/4.07 4.48/7.91 4.62/6.68
PCDreamer [62] 2.52/4.34 5.20/3.85 2.78/4.53 1.79/3.06 1.54/2.97 1.95/3.57 5.48/5.66 2.72/3.43 3.83/5.39 2.57/3.97 1.50/2.61 2.41/4.97 2.86/4.11
ComPC [28] 1.29/1.77 1.22/1.51 2.18/3.23 1.78/1.90 1.32/1.65 1.09/1.34 1.46/1.76 1.84/2.13 1.65/1.90 1.56/2.11 1.97/2.70 1.99/3.10 1.61/2.09

Ours (Direct3D-S2) 0.96/1.42 1.11/1.63 1.15/1.67 1.21/1.63 0.87/1.26 0.88/1.24 1.55/1.97 0.96/1.40 1.11/1.58 1.03/1.51 0.96/1.43 1.51/2.12 1.11/1.57
Ours (TRELLIS) 0.97/1.31 0.89/1.20 1.06/1.48 1.23/1.54 0.62/0.87 0.61/0.82 1.60/1.73 0.81/1.12 1.50/1.55 0.86/1.16 1.30/1.87 1.73/2.36 1.11/1.41

Table 3. Completion fidelity on ScanNet [13] and KITTI [18].

UCD ↓ / UHD ↓ ScanNet-Chair ScanNet-Table KITTI-Car

SVDFormer [90] 1.4 / 2.4 1.4 / 2.4 1.8 / 5.0
AdaPoinTr [81] 1.4 / 2.4 1.3 / 2.4 1.6 / 4.9
Shape-Inv [83] 4.0 / 9.3 6.6 / 11.0 5.3 / 12.5
P2C [12] 3.4 / 5.0 2.4 / 4.9 3.9 / 5.8
PCDreamer [62] 1.5 / 3.5 1.3 / 3.7 2.7 / 6.6
ComPC [28] 2.0 / 5.3 3.0 / 7.0 1.1 / 5.7

Ours 0.8 / 2.0 0.9 / 2.0 1.4 / 4.5

Table 4. Quantitative comparisons on our proposed Omni-Comp.

CD ↓ / EMD ↓ Single Scan Random Crop Semantic Part

SVDFormer [90] 5.32 / 6.84 5.35 / 6.73 5.66 / 7.19
AdaPoinTr [81] 5.27 / 6.87 5.33 / 6.68 5.59 / 7.23
Shape-Inv [83] 4.98 / 7.31 5.39 / 6.79 5.37 / 6.91
SDS-Comp [35] 5.42 / 6.27 5.12 / 6.35 5.60 / 6.75
PCDreamer [62] 3.32 / 4.74 3.78 / 4.55 3.88 / 4.98
ComPC [28] 4.24 / 4.61 5.48 / 5.95 6.37 / 6.18

Ours 2.21 / 3.15 2.60 / 3.31 3.30 / 3.68

Figure 5. Visual examples on ScanNet [13] and KITTI [18] real-
world datasets, which only contain real scans of table, chair, and
car, with very sparse points.

enabling it to maintain robust and superior performance
across all categories and patterns. On average, we achieve
improvements of 49.6% in CD and 39.4% in EMD over
ComPC [28], demonstrating the effectiveness of our idea.

We provide some qualitative comparisons in Fig. 6.
Specifically, baselines’ reliance on rendered 2D views that
contain the complete object contour [28, 62] fails on com-
plex inputs where contours are ill-posed (see Rows (c-d)).
Furthermore, [28, 62] fail to complete the random crop and
semantic part due to out-of-distribution categories and par-
tial patterns (see Rows (a-b) and (e-f)). In stark contrast,
our method proves robust across all these challenging cases,

Figure 6. Qualitative comparisons on cases with different partial
patterns from our Omni-Comp benchmark. Our approach pro-
duces more reasonable results than the latest methods [28, 62].

leveraging its pattern-agnostic 3D prior to reconstruct struc-
turally plausible and geometrically detailed completions,
demonstrating its strong generalizability.

Evaluation on Completion Diversity. Finally, we as-
sess completion diversity against the latest generative-based
baselines [28, 62] on Redwood [8] and synthetic [28, 43]
datasets, reporting average metrics over 5 random runs per
object for each method. As shown in Tab. 5, our ap-
proach achieves consistently better MMD and TMD. No-
tably, while PCDreamer [62] utilizes generative models, its
reliance on varying multi-view depth maps produces lim-
ited geometric variation, resulting in low TMD scores. Our
strong performance on both metrics verifies that our method
can generate diverse shape completions, as shown in Fig. 7.
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Table 5. Completion diversity evaluation on Redwood [8] and syn-
thetic data [28, 43].

MMD ↓ / TMD ↑ Redwood Synthetic

PCDreamer [62] 1.88 / 0.13 2.86 / 0.11
ComPC [28] 2.01 / 0.72 1.65 / 0.62

Ours (Direct3D-S2) 1.81 / 1.35 1.23 / 0.89
Ours (TRELLIS) 1.62 / 0.99 1.20 / 0.94

Table 6. Ablation studies. The baseline uses only latent replace-
ment for completion.

CD ↓ / EMD ↓ Redwood Synthetic

(a) Baseline (latent replacement) 2.15 / 2.93 2.33 / 2.78
(b) Full w/o ERS 3.42 / 4.94 3.53 / 4.85
(c) Full w/o PNS 1.94 / 2.56 2.27 / 2.67
(d) Full w/o IAS 1.88 / 2.14 1.17 / 1.56
(e) IAS w/ 10 optimization steps 1.42 / 1.87 1.20 / 1.48

(f) Full pipeline (Ours) 1.42 / 1.84 1.11 / 1.41

4.3. Ablation Studies
We conduct ablation studies to validate the contribution of
each component in our framework, and the quantitative and
qualitative results are presented in Tab. 6 and Fig. 8.

Naive Baseline. We first establish a naive baseline that
only utilizes the latents from the partial shape for replace-
ment. Due to the latent discrepancy of the corresponding re-
gions of partial and ground truth samples, it produces poor
completion results both quantitatively and qualitatively, as
shown in Tab. 6 (comparing Rows (a) and (f)) and Fig. 8.

Analysis of Key Components. We analyze the contribu-
tion of our three key components, Explicit Replacement
Stage (ERS), Partial-aware Noise Schedule (PNS), and Im-
plicit Alignment Stage (IAS), by ablating them individually.
• w/o ERS: Comparing Rows (b) and (f) in Tab. 6, re-

moving the ERS causes the most significant performance
drop. Without this explicit geometric conditioning, the
model fails to preserve the input structure and instead
hallucinates a novel shape based on the generative prior
(e.g. , a completely different horse pose in Fig. 8(c)). This
confirms that ERS is critical for ensuring input fidelity.

• w/o PNS: Comparing Rows (c) and (f) in Tab. 6, disabling
the PNS leads to noticeable stripe-like artifacts on the sur-
face. We attribute this to the mismatch in the denoising
process between the clean (known) partial input and the
noisy (unknown) regions being generated. PNS is thus
essential for seamlessly blending these two regions.

• w/o IAS: Comparing Rows (d) and (f) in Tab. 6, remov-
ing the IAS, which harmonizes the latent context via opti-
mization, results in small holes and boundary inconsisten-
cies, as highlighted by red boxes in Fig. 8. This demon-
strates that ERS alone is insufficient; IAS is necessary to

Figure 7. Visual examples of the completion diversity from our
method on the real-world data.

Figure 8. Visual comparison of the ablation studies. The red boxes
highlight the artifacts and holes.

ensure the final latent representation is coherent.
• Optimization steps in IAS: We also do ablation about

the optimization steps in IAS. As can be seen in Tab. 6
(e), using 10 steps for optimization at each timestep does
not show obvious performance gain compared with (f).
The full pipeline successfully combines these com-

ponents to achieve geometrically accurate and fidelity-
preserving completions, with the best performance in
Tab. 6. The horse, as shown in Fig. 8 (f), exhibits excel-
lent geometric quality without noticeable artifacts.

5. Conclusion
We presented LaS-Comp, a zero-shot and category-agnostic
framework for 3D shape completion that leverages the rich
geometric priors of 3D foundation models. The method in-
tegrates two complementary components, an Explicit Re-
placement Stage and an Implicit Alignment Stage, to jointly
ensure high-fidelity reconstruction and global geometric co-
herence. We also introduce Omni-Comp, a benchmark
combining real-world scans and synthetic shapes with di-
verse partial patterns for comprehensive evaluation. Exper-
iments on Omni-Comp and standard benchmarks show that
our method generalizes well across diverse categories and
partial patterns, surpassing existing approaches.
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