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Fig. 1: Axolotl3D enables controllable, occlusion-aware 3D generation across diverse
applications with consistent and faithful shape completion.

Abstract. Recent 3D generative models produce high-quality geometry
from a single image using large-scale priors and diffusion architectures.
However, they assume complete visibility and single-view inputs, limiting
applicability in multi-view, occluded, or editing scenarios. Although prior
works address these challenges individually, they lack a unified framework
for controllable 3D completion under diverse conditioning signals.
We present Axolotl3D, a multi-modal and occlusion-aware 3D generation
model that jointly conditions on images, visibility masks, camera param-
eters, and a partial point cloud. The point cloud serves as a geometric
anchor promoting faithful shape completion, while camera parameters
ensure consistent multi-view alignment in a shared 3D coordinate sys-
tem. A unified training strategy synthesizes diverse conditioning regimes
from large-scale 3D data, enabling robust cross-modal reasoning.
Experiments on Toys4K and OmniObject3D demonstrate state-of-the-
art performance under both clean and occluded settings, as well as strong
results in real-world reconstruction and geometry-consistent editing.
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1 Introduction

Recent advances in 3D generative modeling, leveraging large-scale 3D datasets
and diffusion-based architectures (e.g., Hunyuan3D 2.1 [20], Trellis [43,44]), have
enabled detailed and visually compelling geometry synthesis from a single image.
These approaches demonstrate the power of learned 3D priors trained on large
collections of synthetic and scanned objects. However, despite their strong gen-
erative capabilities, such methods remain limited in real-world scenarios, where
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objects are often captured under sparse multi-view setups, partially occluded, or
require geometry-aware editing of existing meshes. By assuming complete vis-
ibility and single-view inputs, existing approaches are unable to reason under
occlusion, integrate multiple views, or enforce geometric constraints, restricting
their applicability to realistic capture and content creation pipelines.

Several research directions address these challenges in isolation. Works such
as Amodal3R [41] focus on recovering occluded geometry, while ReconViaGen [4]
emphasizes cross-view consistency. Editing methods including Instant3dit [1],
PrEditor3D [10] enable precise user-guided shape modification. More recent ap-
proaches, such as AmodalGen3D [53], begin to combine multi-view reasoning
with occlusion handling. While effective within their respective scopes, these ap-
proaches remain fragmented, limiting their applicability across broad condition-
ing and editing scenarios. We argue instead that these problems share a common
underlying structure: each requires completing a 3D object from incomplete ob-
servations while enforcing consistency with explicit geometric constraints. From
this perspective, they can be viewed as different manifestations of constrained
3D completion, motivating a unified and controllable generation framework.

We introduce Axolotl3D, a multi-modal and occlusion-aware 3D generation
model that conditions jointly on images, per-view visibility masks, camera pa-
rameters, and points. To promote geometric faithfulness, a partial point cloud—
sampled from mesh surfaces or projected from predicted depths—acts as a ge-
ometric anchor. Camera parameters help align these 3D points and multi-view
images within a shared coordinate system, allowing the model to integrate visual
and geometric evidence consistently. To enable robust cross-modal reasoning, we
further propose a unified training strategy that synthesizes diverse conditioning
regimes from large-scale 3D mesh datasets. By simulating partial observations,
occlusions, and mixed image–geometry inputs, we train the model to generalize
across single-view, sparse multi-view, and editing scenarios.

We evaluate our approach on 3D object datasets including Toys4K [36] and
OmniObject3D [42] under both single-view and multi-view settings, with and
without synthetic occlusions. Across all scenarios, Axolotl3D outperforms state-
of-the-art methods in geometric accuracy and reconstruction fidelity. Further-
more, we demonstrate its applicability in real-world pipelines by reconstructing
objects from images using predicted points and cameras from MapAnything [22]
and performing geometry-consistent object editing using views inpainted by Sta-
ble Diffusion Inpainting [33].

In summary, our contributions are threefold:

– We introduce a unified multi-modal, occlusion-aware 3D generation frame-
work that supports single-view generation, sparse multi-view reconstruction,
occlusion completion, and geometry-aware editing within a single model.

– We propose a cross-modal training strategy that simulates diverse condi-
tioning scenarios from large-scale 3D data, enabling robust reasoning under
partial and heterogeneous observations.
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– We achieve state-of-the-art performance on benchmark datasets, producing
faithful geometry and effectively handling occlusions, while demonstrating
effectiveness in real-world applications.

2 Related Work

Multi-View 3D Generation: While recent image-to-3D generative models
[20,43,44] achieve impressive mesh quality from a single image, fewer works ad-
dress sparse, unposed multi-view shape generation. Although single-view mod-
els can be adapted to multi-view inputs—for example, by cycling views during
denoising as in Trellis [44]—without jointly modeling cross-view interactions,
geometric consistency remains limited. An alternative two-stage strategy first
performs novel view synthesis (NVS) before 3D generation: EscherNet [25] pro-
duces consistent novel views from one or more reference images for subsequent
reconstruction with NeuS [39], while SpaRP [45] outputs six fixed views for
3D generation with One-2-3-45++ [27]. These pipelines can be brittle, as small
inconsistencies in the synthesized views may compromise fidelity and detail.
With the emergence of large-scale 3D foundation models [22, 38, 40], we can
now directly predict explicit 3D attributes from images—such as camera pa-
rameters, depth maps, and point maps—providing strong priors for downstream
tasks. VGGT [38] demonstrates impressive cross-view consistency in novel view
synthesis, with its features leveraged by ReconViaGen [4] for accurate multi-
view generation. Motivated by this progress, we condition our generative model
on explicit geometric signals—point clouds and camera parameters—allowing
flexible application to posed and unposed multi-view scenarios. A concurrent
work ShapeR [34] also generates 3D shapes from multi-view images, sparse point
clouds, and camera poses, but is tailored to SLAM [9] outputs.

Geometry-Controlled Generation: Some recent 3D generation methods in-
corporate geometric cues to guide the generated shape. 3DShape2VecSet [50]
introduces a fixed-length latent representation (VecSet) for shapes and demon-
strates applications including 3D generation from partial point clouds. CLAY [51]
supports diverse conditioning modalities, including sparse points, voxels, bound-
ing boxes, and multi-view images, but it is not designed to handle partial point
clouds or occluded views. PoseMaster [46] generates articulated 3D characters
conditioned on skeletons and images. More recently, Hunyuan3D-Omni [21] uni-
fies geometry-controlled generation across point clouds, bounding boxes, voxels,
and skeleton inputs, though it only accepts a single image and cannot robustly
handle incomplete observations. In contrast, our method handles both multi-view
images and point cloud inputs, supporting occlusions in both modalities.

Amodal Object Completion: Amodal object completion aims to recover
the full 3D shape from partial observations, typically images and segmentation
masks. A related line of work focuses on single-image generation, producing com-
plete 3D scenes and objects from monocular inputs. Methods such as CAST [47]



4 A. Hu and M. Shugrina

and SAM 3D [5] generate object-level reconstructions and align them within the
scene, using monocular depth estimators for partial point clouds and orienta-
tion cues. MIDI [19] generates all objects in a scene jointly, allowing the model
to capture inter-object relationships and maintain spatial coherence without re-
quiring a separate layout optimization step. At the object level, Amodal3R [41]
reconstructs occluded geometry from a single image by leveraging occlusion and
visibility masks, using mask-weighted multi-head cross-attention and occlusion-
aware conditioning layers. Occlusion-aware view synthesis methods, such as Es-
cherNet++ [52] and DeOcc-1-to-3 [31], generate novel views from occluded in-
puts to facilitate amodal completion. However, the reconstructed geometry often
lacks fine details, revealing limitations of NVS-based pipelines. A recent work,
AmodalGen3D [53], extends Amodal3R [41] to unposed multi-view input and
incorporating partial points from π3 [40], producing more geometrically faithful
reconstructions. In comparison, our method targets the posed setting, yet show
strong results in an unposed ablation.

Editing: Methods perform 3D editing using different strategies, from multi-
view inpainting to latent-space mesh manipulation. Instant3dit [1] and PrEdi-
tor3D [10] perform text-guided edits through multi-view image inpainting from
four fixed viewpoints, followed by 3D reconstruction. ObjFiller-3D [11] extends
this paradigm using video diffusion, removing the restriction on viewpoints
and improving cross-view consistency. More recently, concurrent work VecSet-
Edit [18] enables localized mesh editing guided by a single image directly in the
VecSet latent space, better preserving appearance in untouched regions. While
effective for targeted edits, these methods cannot handle general object comple-
tion without an initial object or guidance signal.

3 Method

We consider the task of 3D object completion from partial and heterogeneous
observations, common in scenarios like 3D capture or editing. For multi-view re-
construction, the known information typically contains multiple occluded views
and partial geometry, e.g. after processing an image sequence with techniques
like [13, 23, 38]. For targeted shape editing, completion should respect fixed ge-
ometry regions and take additional guidance, e.g. an edited view of the object.
To support such applications, our goal is to predict a complete and geometri-
cally consistent 3D shape given: a collection of images {Ii}Ni=1, corresponding
masks {Mi}Ni=1 and camera parameters {Ci}Ni=1, and a partial point cloud P .
Each mask Mi specifies regions of Ii that provide valid observations. For amodal
completion, Mi encodes visibility, whereas for object editing, it indicates regions
to preserve while users provide modified views with fully valid Mi to drive geom-
etry updates. By treating all visual, geometric, and user-guided signals as partial
observations of the object, our formulation unifies single- and multi-view genera-
tion, amodal completion, and geometry-aware editing under a single framework.
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Fig. 2: Overview of Axolotl3D. Given multi-modal inputs—posed images, visibil-
ity masks, and partial points—our method encodes each modality and fuses them into
multi-modal condition tokens. We fine-tune Hunyuan3D-DiT on these tokens to pro-
duce completed shape latents, which are decoded by the ShapeVAE.

3.1 Model Architecture

Axolotl3D is built upon recent state-of-the-art image-to-3D diffusion model,
Hunyuan3D 2.1 [20]. Its shape generation model comprises a shape autoencoder
(Hunyuan3D-ShapeVAE) that encodes meshes into a compact latent representa-
tion, and an image-conditioned flow-based diffusion transformer (Hunyuan3D-
DiT) trained to predict shape tokens in this latent space, which are then decoded
into meshes. We adapt this DiT backbone to jointly process all heterogeneous
inputs, replacing the original single-image cross-attention with a multi-modal
cross-attention mechanism that integrates visual and geometric cues simultane-
ously. An overview of the proposed architecture is shown in Fig. 2.

Visual Encoding: Following original architecture [20], each input image Ii
is encoded into enc(Ii) using DINOv2 [29], resulting in rich spatially-aligned
visual features suitable for multi-view reasoning. Our model takes up to N = 6
images, where missing views are zero-padded and masked. To enable cross-view
alignment of visual features in a shared 3D coordinate system, our model also
ingests corresponding camera parameters Ci, represented as pl(Ci) using Plücker
embeddings [35]. Specifically, for each pixel (u, v), its Plücker embedding is:

pu,v = (o× du,v, du,v) ∈ R6, (1)

where o is the camera center and du,v is the corresponding ray direction from
camera center to the pixel. These pl(Ci) are first average-pooled to match the
spatial resolution of the image features enc(Ii), and then projected via a linear
layer to match their channel dimension, resulting in enc(Ci). We obtain final vi-
sual embedding encV (Ii, Ci) by adding enc(Ci) to enc(Ii), enriching image fea-
tures with camera information. Each mask Mi is partitioned into non-overlapping
14×14 patches (patch size of DINOv2), where each patch corresponds to a pixel
in the downscaled mask Bi matching the resolution of enc(Ii). A pixel in Bi is
set to 1 if it is completely unoccluded and 0 otherwise. Note that the background
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is treated as unoccluded to enforce free-space constraints. These masks Bi bias
the attention toward unoccluded regions (see later), similar to Amodal3R [41].

Geometry Encoding: To provide additional geometric grounding and ensure
faithful completions, partial point cloud P forms an additional conditioning in-
put. We encode P into enc(P ) using VecSetX [49], a follow-up to [50], which
maps input points into a compact, fixed-length set of latent codes. Pretrained
on ShapeNet-v2 [3], it yields high fidelity reconstruction retaining local details.

Multi-Modal Fusion: We now process geometric features enc(P ) and camera-
enriched multi-view features {encV (Ii, Ci)}Ni=1 into multi-modal feature tokens
F . Each modality’s features are flattened into point tokens Fp ∈ RTp×Cp and
combined visual tokens Fv ∈ RNTv×Cv , where N is number of views (6), Tv

and Tp are the token lengths and Cv and Cp are the channel dimensions of
each modality. Then, each token in Fp and Fv is processed with its respective
per-modality gated feedforward network (FFN) of similar design used in [5, 14]
(see Supplement), mapping tokens to a unified channel dimension C = 1024.
This produces richer, modality-specific features that emphasize important sig-
nals and prepare tokens for multi-modal fusion. Two learnable embeddings, one
per modality (visual and geometric) of shape C are added element-wise to each
token of the corresponding modality to differentiate between visual and geomet-
ric inputs, resulting in final tokens F ′

p ∈ RTp×C and F ′
v ∈ RNTv×C .

Mask-biased Cross-Attention: We concatenate F ′
p and F ′

v along the token
dimension, forming a set of multi-modal condition tokens F of length T = Tp +
NTv and channel dimension C, which are used in the multi-head cross-attention
modules of our DiT, trained to denoise the shape latent Z ∈ RL×C′

across
timesteps (See [16] for background). Let Q = ZWQ, K = FWK , V = FWV

be the query, key, and value projections of the latent and condition tokens. For
multi-head cross-attention with H heads, the attention is computed as:

CrossAttn = Softmax
(QK⊤

√
D

+B
)
V, (2)

where each head has dimension D = C ′/H, and B ∈ RL×T is an attention bias
derived from the patchified image masks Bi. Specifically, entries corresponding
to occluded visual tokens are set to −∞, preventing them from contributing
to attention, while unoccluded tokens are assigned 0 (unbiased). Point tokens,
which are unmasked due to their fixed-length representation, are also set to 0.

3.2 Synthetic Data Augmentation

We train our model on a large collection of textured 3D meshes, synthesizing
diverse conditioning regimes for robust cross-modal reasoning. During dataset
preprocessing, we normalize each mesh Mk to a unit cube [−1, 1]3 and sample
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Fig. 3: Data Augmentation: Examples of our on-the-fly data augmentation.

a dense surface point cloud P k
surface (see Supplement). We also sample 150 cam-

eras Ck on a sphere and render corresponding images Ik following [44]. During
training, we sample and augment this data to produce input partial point cloud
P and multi-view {Ii}Ni=1, {Mi}Ni=1, {Ci}Ni=1, N = 6, according to the follow-
ing scenarios chosen with equal probability (if desired, this can be adjusted to
prioritize specific regimes). See Fig. 3 for an example of each augmentation.

Sparse Views & Occlusions: To support amodal completion and promote
learning of cross-modal correspondences, we simulate sparse view observation
settings with varying levels of occlusion. We select one random view I0 ∈ Ik as
the unobserved view, and sample up to N conditioning cameras Ci ∈ Ck from
non-nearby views defined based on the angle between camera backward vectors
(with 90◦ angle threshold). Each sampled view Ii is occluded with probability
poccl. When occlusion occurs, we generate a random mask M̃i using brush strokes
or bounding boxes following LaMa [37]. We then remove points in P k

surface that
are not visible in the sampled views or project into regions covered by occlusion
masks (see Supplement for details), resulting in realistic patchy point clouds.
In addition, we further introduce a masking probability pmask, to avoid over-
reliance on point-based cues and promote complementary multi-modal learning.
With this probability, the same occlusion mask M̃i is applied to the multi-view
inputs Ii and their masks Mi. Using this procedure, we can further divide this
task into single- and multi-view settings, sampled equally during training. We
set pmask = 0.5 for both settings. In the single-view setting, where many points
are missing due to limited visibility, we use poccl = 0.25, while in the multi-view
setting we set poccl = 1.0.

Large Area Point Dropout: This augmentation simulates scenarios where
large regions of the object are missing and unobserved from camera viewpoints,
requiring the model to infer missing geometry from limited points and indirect
image observations. This provides more extreme point dropout compared to the
previous, training the model to not overrely on available points. First, we ran-
domly select a dropout axis (x, y, or z) and a direction (positive or negative),
then sample a threshold along this axis. Points in P k

surface beyond the threshold
in the chosen direction are removed, with the drop probability decreasing lin-
early with distance from the threshold, creating a smooth gradient of missing
geometry and more natural partial observations. Afterwards, points are further
filtered based on the alignment of their normals with the dropout direction mim-
icking realistic visibility effects, with the drop probability proportional to the
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cosine similarity between the normal and the downward direction. To prevent
the missing region from being directly observed, which is more realistic in real-
world sparse-view scenarios, we filter out camera views whose backward vectors
are within 90◦ of the dropout direction. The final set of conditioning views are
then sampled from the remaining cameras. Points not visible in any conditioning
camera view are removed using their projected locations and depth comparisons.

Editing: In local editing scenarios, a bounding box or other simple geometric
primitives are often used to specify the region to be modified, as in the 3D
interface of Instant3dit [1], and edits are typically guided by a reference image
or a text prompt [1, 10, 18]. In this work, we focus on image-based guidance,
where additional views may be provided to help preserve fine details in the
unedited regions and maintain cross-view consistency. We emulate such user-
guided shape modification by selecting a random camera view as the "modified"
view. We then place a 3D bounding box centered on a randomly chosen point
in P k

surface that is visible in this view. All points inside the bounding box are
removed from P k

surface, creating a region for inpainting. Additional camera views
are then randomly sampled to provide observations of the unmodified regions,
with the edited region masked in all Ii, Mi by projecting the bounding box
using camera Ci (see Supplement for details). This creates a task where only
the modified view shows the full object with the edit, while the remaining views
reveal only the surrounding geometry outside the edited region.

4 Experiments

4.1 Data and Setting

Training Data: We train on 407k shapes from TRELLIS-500K [44], containing
aesthetics-filtered objects from ObjaverseXL [8], ABO [6], 3D-FUTURE [12], and
HSSD [24]. We remove buildings and scenes from the ObjaverseXL subset using
a classifier trained on G-Objaverse labels [54], as these often depict multi-object
scenes (see Supplement). Shapes are scaled and rendered with turn-around cam-
eras at fixed distance and intrinsics [44]. The geometry is preprocessed following
Hunyuan3D 2.1 [20], including normalization, watertight processing, SDF and
surface sampling. Train-time augmentations are described in §3.2.

Implementation: For our backbone we adopt Hunyuan3D 2.1 [20] and fine-
tune from pre-trained weights utilizing their strong 3D generation priors. Ad-
ditional layers and embeddings in §3.1 are trained from scratch: linear layers
use Kaiming uniform initialization [15], while embeddings use normal initaliza-
tion N (0, 1/

√
n) where n is the condition embedding dimension (1024). We use

classifier-free guidance (CFG) [17] with drop rate of 0.1 and AdamW [28] op-
timizer with learning rate of 1e − 5. The model is trained for 500k steps with
batch size of 16 on 8 A100 GPUs. At inference, the CFG guidance scale is set
to 5 and sampling steps is 50.
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Evaluation Data: For quantitative evaluation (§4.3), we use Toys4K [36] and
OmniObject3D [42]. Toys4K contains 4k synthetic objects in 105 categories, and
OmniObject3D has 6k scanned objects in 190 categories. To simulate realistic
3D-consistent occlusions, we add random occluders from a set of shape prima-
tives (see Supplement). Different from training, we obtain point condition by
backprojection from rendered depth maps of each sampled view, excluding oc-
cluded regions. This is downsampled to 8,192 points for ShapeR and our method
while Hy3D-Omni supports a max of 2,048 points and SAM3D uses pointmaps of
shape 518x518x3. We further provide comparisons using 2,048 input points and
evaluate robustness using predicted depth from Depth Anything v3 [26], both
with and without camera perturbations. Predicted depth is aligned to ground-
truth depth via per-scene scale and shift, then backprojected using ground-truth
camera parameters. Camera extrinsics are perturbed with Gaussian noise (10°
rotation, 10% translation scale), while the focal length is jittered by ±5%. For
qualitative visualization (§4.4), we focus on Toys4K’s geometrically challenging
objects with richer appearance details (OmniObject3D results in Supplement).
For applications (§4.6), we show single-view generation with MapAnything [22]
using MVImgNet images [48], and editing results on Toys4K objects.

4.2 Baselines and Metrics

Baselines: We compare our method to the recent state-of-the-art methods
[41], [21], [5], and to one concurrent work [34]. We omit AmodalGen3D [53]
as its code is not publicly available. Amodal3R [41] is capable of single- and
multi-view completion and is the only method that does not accept point condi-
tion. Hunyuan3D-Omni (Hy3D-Omni) [21] and SAM 3D [5] are both single-view
methods that accept point condition, where SAM 3D pointmaps are in camera
space. Concurrent ShapeR [34] is the only multi-view method that also accepts
points. Because Hy3D-Omni is not trained for occlusions, we complete partial
views with Pix2Gestalt [30] before inference. While it accepts only a single im-
age, points from multiple views can still be used. Thus, we evaluate all models,
except SAM 3D, on multi-view and single-view conditioned generation. In the
multi-view scenario, Hy3D-Omni is given the best view out of the available
views as image input (selected based on max object coverage; see Supplement).
Finally, to provide required prompts to ShapeR, we use captions included with
TRELLIS-500K [44] for Toys4k [36] and object category for OmniObject3D [42].

Metrics: To assess the fidelity and completeness of the reconstructed shapes, we
choose complementary geometric metrics. F-score (at 0.05 threshold) measures
point-level correspondence, balancing precision and recall to assess accuracy and
coverage. Voxel IoU (vIoU) at 643 resolution evaluates coarse volumetric agree-
ment, sensitive to major occupancy errors. Chamfer Distance (CD) captures
fine-grained geometric deviations and penalizes missing or distorted regions. Be-
cause not all methods use world-space points as input, we first align generated
and groundtruth meshes, normalized to [−1, 1], using ICP [2]. 1M points are
uniformly sampled from both meshes before computing the metrics.
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Table 1: Quantitative Evaluation, marking best and second-best. Our method
shows superior performance against state-of-the-art and performs comparably to
ShapeR, with lower variance and stronger single-view results.

Scenario:
Method

Toys4k OmniObject3D
Without Occlusion With Occlusion Without Occlusion With Occlusion

F-score ↑ vIoU ↑ CD↓×10 F-score ↑ vIoU ↑ CD↓×10 F-score ↑ vIoU ↑ CD↓×10 F-score ↑ vIoU ↑ CD↓×10

Single-View:

Amodal3R [41] 0.7310 0.2129 0.5460 0.6877 0.1886 0.6144 0.4847 0.1459 1.1406 0.4724 0.1382 1.1174
± 0.2365 ± 0.1139 ± 0.6305 ± 0.2381 ± 0.1063 ± 0.6495 ± 0.2646 ± 0.0897 ± 0.9197 ± 0.2587 ± 0.0845 ± 0.9336

SAM 3D [5] 0.7160 0.2039 0.5672 0.6764 0.1836 0.6375 0.4808 0.1440 1.1984 0.4666 0.1407 1.2409
± 0.2491 ± 0.1049 ± 0.6464 ± 0.2504 ± 0.1018 ± 0.6871 ± 0.2715 ± 0.0932 ± 0.9989 ± 0.2709 ± 0.0932 ± 1.0098

Hy3D-Omni [21] 0.7811 0.2496 0.4491 0.6593 0.1802 0.8123 0.7401 0.2007 0.4913 0.6028 0.1406 0.9018
± 0.2065 ± 0.1471 ± 0.4261 ± 0.2614 ± 0.1297 ± 0.8209 ± 0.1984 ± 0.1147 ± 0.4132 ± 0.2386 ± 0.1036 ± 0.7425

ShapeR [34] 0.7920 0.2573 0.3981 0.7453 0.2285 0.4622 0.7135 0.2160 0.4820 0.6816 0.2012 0.5338
(concurrent) ± 0.2127 ± 0.1235 ± 0.4121 ± 0.2249 ± 0.1208 ± 0.4321 ± 0.2210 ± 0.1008 ± 0.3853 ± 0.2306 ± 0.0961 ± 0.4236

Ours 0.9221 0.3470 0.2157 0.9046 0.3265 0.2402 0.8716 0.2792 0.2854 0.8613 0.2724 0.2971
± 0.1044 ± 0.0988 ± 0.1820 ± 0.1140 ± 0.1037 ± 0.2079 ± 0.1187 ± 0.0856 ± 0.2269 ± 0.1191 ± 0.0848 ± 0.2228

Multi-View (6):

Amodal3R [41] 0.8134 0.2516 0.3935 0.7529 0.2166 0.4999 0.5250 0.1585 1.0733 0.5046 0.1484 1.1127
± 0.2012 ± 0.1236 ± 0.5012 ± 0.2198 ± 0.1154 ± 0.6021 ± 0.2741 ± 0.0968 ± 0.9534 ± 0.2667 ± 0.0905 ± 0.9520

Hy3D-Omni [21] 0.9211 0.3860 0.2111 0.8920 0.3355 0.2738 0.9549 0.3638 0.1677 0.9353 0.3314 0.2005
± 0.1138 ± 0.1587 ± 0.2108 ± 0.1482 ± 0.1581 ± 0.3667 ± 0.0797 ± 0.1397 ± 0.1580 ± 0.1043 ± 0.1377 ± 0.2317

ShapeR [34] 0.9433 0.4476 0.1649 0.9190 0.4002 0.2040 0.9629 0.4412 0.1329 0.9532 0.4123 0.1443
(concurrent) ± 0.1303 ± 0.1449 ± 0.3096 ± 0.1528 ± 0.1553 ± 0.3416 ± 0.0985 ± 0.1318 ± 0.2112 ± 0.0989 ± 0.1313 ± 0.1842

Ours 0.9768 0.4424 0.1351 0.9689 0.4187 0.1448 0.9842 0.4127 0.1389 0.9755 0.3967 0.1467
± 0.0445 ± 0.1077 ± 0.0543 ± 0.0534 ± 0.1121 ± 0.0685 ± 0.0425 ± 0.0903 ± 0.1240 ± 0.0473 ± 0.0889 ± 0.1030

Table 2: Quantitative results with single-
view predicted depth on Toys4k.

Method w/o Camera Perturb w/ Camera Perturb
F-score ↑ vIoU ↑ CD↓×10 F-score ↑ vIoU ↑ CD↓×10

SAM3D 0.7062 0.1993 0.5898 N/A N/A N/A
± 0.2538 ± 0.1049 ± 0.6643

Hy3D-Omni 0.6837 0.1729 0.5926 N/A N/A N/A
± 0.2170 ± 0.1249 ± 0.4585

ShapeR 0.5626 0.1407 0.7767 0.5605 0.1409 0.7750
(concurrent) ± 0.2408 ± 0.0847 ± 0.5569 ± 0.2398 ± 0.0863 ± 0.5518

Ours 0.7616 0.1903 0.4235 0.7620 0.1901 0.4230
± 0.1731 ± 0.0908 ± 0.3135 ± 0.1712 ± 0.0908 ± 0.3138

Table 3: Quantitative results with 2048
input points on Toys4k with occlusions.

Method Single-View Multi-View
F-score ↑ vIoU ↑ CD↓×10 F-score ↑ vIoU ↑ CD↓×10

Hy3D-Omni 0.6594 0.1802 0.8119 0.8920 0.3356 0.2738
± 0.2614 ± 0.1297 ± 0.8208 ± 0.1482 ± 0.1581 ± 0.3667

ShapeR 0.6956 0.2004 0.5377 0.9126 0.3734 0.2119
(concurrent) ± 0.2317 ± 0.1106 ± 0.4505 ± 0.1466 ± 0.1505 ± 0.3078

Ours 0.8738 0.2766 0.2838 0.9653 0.3996 0.1521
± 0.1291 ± 0.0958 ± 0.2303 ± 0.0568 ± 0.1103 ± 0.0696

4.3 Quantitative Results

We present quantitative results in Tb. 1. Under single-view conditions, our
method significantly outperforms the baselines including concurrent work, ShapeR.
In multi-view conditions, our method shows superior performance against state-
of-the-art and comparable with ShapeR. In all scenarios, our method achieves
lower standard deviation showing more consistent and stable performance.

We evaluate robustness to realistic inputs using predicted monocular depth
without occlusions in Tb. 2. Our method achieves the best geometric fidelity
across all metrics, outperforming the baselines. Compared to the ground-truth
depth setting in Tb. 1, the performance gap narrows under predicted depth,
with our method, ShapeR, and Hy3D-Omni showing larger performance drops,
reflecting the sensitivity of geometry-guided reconstruction to errors in monoc-
ular depth estimation. In contrast, SAM3D being trained directly on predicted
depth exhibit smaller relative degradation, but remain less faithful to the input
geometry thus achieving lower overall performance. We also simulate camera
perturbations in Tb. 2, where our method and ShapeR are both resilient to
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moderate camera noise through use of Plücker embeddings. Other baselines are
not evaluated as they do not condition on camera parameters. We additionally
report results using 2,048 input points for all methods in Tb. 3. Our method
shows stable performance under weaker geometric conditioning while ShapeR
saw larger performance drop in single-view compared to Tb. 1.

4.4 Qualitative Results

Fig. 4a and 4b show qualitative results on challenging occlusion senarios (see Sup-
plement for results without occlusion). Axolotl3D leverages conditioning points
to produce faithful reconstructions, retaining details in known regions that other
methods may simplify. With our data augmentation, our method learns to exploit
the natural symmetry of objects, handling difficult regions—such as the deer in
Fig. 4a—that others struggle to reconstruct. In certain examples, baselines pro-
duce unwanted structures, whereas our method preserves structural consistency
with the provided guidance. Even in failure cases, when our method fails to com-
plete all missing areas, our approach maintains high visual quality in the regions
constrained by the conditioning points.

Fig. 5 evaluates robustness under single-view predicted depth. While SAM3D
produces high-quality reconstructions, the resulting shapes often deviate from
the input point geometry. Hy3D-Omni shows occasional inconsistencies in object
orientation, likely due to the absence of explicit camera conditioning. ShapeR is
the most sensitive to noise in the predicted depth points, leading to noticeable
degradation in mesh quality. In contrast, our method produces reconstructions
that are more consistent with the input observations, while remaining robust
under moderate depth noise, though performance degrades in cases of severe
depth estimation errors.

To stress test our method, we show examples under increasing amounts of
occlusion in Fig. 6. Our approach effectively handles severe occlusions by using
information from similar unoccluded regions, as shown with the bike wheels. We
also include challenging cases such as the horse, where thin structures sometimes
fail to fully connect, highlighting areas for improvement.

4.5 Ablation Study

We conducted ablations to analyze the contribution of the various components of
Axolotl3D and report the results in Tb. 4 and Fig. 7. For these experiments, we
evaluate using Toys4k dataset under single- and multi-view occlusion scenarios.

Effect of Point Condition: To analysis the importance of geometric condi-
tioning, we remove the point condition along with multi-modal fusion layers,
only passing in the output from visual encoding to the cross-attention layers
(see §3.1). Removing the point condition leads to the largest drop in quantita-
tive performance and visibly poorer completed objects, indicating that explicit
geometric conditioning is crucial for maintaining accuracy in known regions and
producing overall more consistent and complete 3D geometry.
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Input View Input Points Amodal3R SAM3D Hy3D-Omni ShapeR Ours Ground Truth

(a) Single-view input results

Input View Input Points Amodal3R Hy3D-Omni ShapeR Ours Ground Truth

(b) Multi-view input results

Fig. 4: Qualitative Comparisons: Single- and multi-view completion results against
baselines. Occluders are shown in grey in the input view. Zoom in for details.
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Input View Input Points SAM3D Hy3D-Omni ShapeR Ours

Fig. 5: Predicted Depth Comparisons: Unlike SAM3D, our method prioritizes
adherence to input points, yielding more faithful completion, but degrades under severe
depth prediction errors—a performance trade off. Zoom in for details.

Effect of Masked Attention: To assess the contribution of visibility-aware
attention, we remove the attention bias from image masks applied to cross-
attention layers. Removing the masking causes a small quantitative drop, while
visual differences remain minimal, mostly appearing as subtle changes to global
geometry such as slight thickness variations. Fine surface details and appearance
remain largely unchanged, as these are captured by the unmasked image tokens.
This suggests that masking primarily serves as a safeguard against potential
interference from occluded regions, influencing global structural reasoning rather
than perceptually noticeable features.

Effect of Camera Condition: To examine the impact of explicit camera pa-
rameterization, we replace camera Plücker embeddings with per-view learnable
embeddings to differentiate between the patch tokens from each view. In multi-
view settings, metrics remain close to the full model, suggesting the network can
largely infer relative camera positions from visual cues when multiple views are
available. In single-view scenarios, performance degrades more noticeably, as the
model struggles to align 3D points with image features without explicit camera
information. This highlights the importance of camera conditioning for reliable
object completion under sparse observations.

4.6 Applications

Shape Editing: Our method can also be effectively applied for 3D shape edit-
ing (Fig.8a). The user selects a view, masks and edits it, e.g. using an image
inpainting model like [33]. This forms the single-view condition to our model.
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Input View Input Points Output Input View Input Points Output Input View Input Points Output Ground Truth

Fig. 6: Completion Stress Test: Model performance on challenging single- and
multi-view examples with increasing amounts of occluders (3, 5, 7). Zoom in for details.

Table 4: Ablation Study. Best and second-best results are highlighted accordingly.

Variant Single-View Multi-View
F-score ↑ vIoU ↑ CD↓×10 F-score ↑ vIoU ↑ CD↓×10

w/o Points 0.8074 ± 0.1738 0.2253 ± 0.0969 0.3589 ± 0.2993 0.9097 ± 0.0989 0.2881 ± 0.0971 0.2231 ± 0.1344

w/o Mask 0.8968 ± 0.1311 0.3225 ± 0.1068 0.2517 ± 0.2568 0.9655 ± 0.0597 0.4151 ± 0.1192 0.1463 ± 0.0751

w/o Cameras 0.9002 ± 0.1224 0.3228 ± 0.1048 0.2509 ± 0.2414 0.9689 ± 0.0582 0.4153 ± 0.1149 0.1462 ± 0.0878

Full Model 0.9036 ± 0.1164 0.3262 ± 0.1039 0.2423 ± 0.2167 0.9688 ± 0.0535 0.4185 ± 0.1123 0.1450 ± 0.0685

Input View Input Points Without Points Without Mask Without Camera Full Model Ground Truth

Fig. 7: Ablation Examples: Comparing completion results for the full model and
ablated variants. Occluders are shown in grey in the input view. Zoom in for details.

To provide conditioning points, we sample the surface of the original shape and
discard points that project into the masked region of the edited view. Fig.8a
shows effective 3D edits that remain faithful to the unedited parts of the shape.

Image to 3D: While our method is trained on points sampled from meshes,
it can be combined with approaches like [22] to extend its usability to scenarios
where points are not available. For example, to produce 3D shapes from a single
image (Fig.8b), we segment the image using SAM 2 [32] and estimate object
points and camera parameters using MapAnything [22]. The object points are
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Original View Edited View Edited Points Output Original View Edited View Edited Points Output

(a) Shape editing with user edited single-view image through image inpainting.

Input View Input Points Output Input View Input Points Output Input View Input Points Output

(b) Image to 3D with SAM 2 [32] segmentation and MapAnything [22] outputs.

Fig. 8: Applications: Axolotl3D enables precise object edits and accurate single-view
generation with completion of missing regions. Zoom in for details.

aligned and normalized, before being passed to our method (see Supplement),
resulting in faithful 3D generations from a single view (Fig.8b).

Simulation: Accurate and faithful completion is also important for physical
applications, such as physics simulation of segmented captured scenes, as shown
in [7, 13]. See Supplement for examples of this application.

5 Conclusion

We presented Axolotl3D, a unified framework for multi-modal, occlusion-aware
3D generation that completes and edits objects from partial observations. By
jointly leveraging images, visibility masks, camera parameters, and partial point
clouds, our model enforces geometric consistency while integrating visual and
3D evidence. While previous methods focus on specific tasks in isolation, Ax-
olotl3D provides a single framework capable of handling diverse reconstruction
and editing scenarios. Experiments show state-of-the-art performance in sparse-
view conditions with and without occlusions. These results highlight its potential
for real-world 3D reconstruction and controllable geometry-aware editing. While
Axolotl3D is trained to faithfully follow input points, future work could explore
balancing this fidelity with robustness to noisy point clouds, as well as supporting
more diverse camera positions and textures.
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