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Figure 1. Example results of Amodal3R. Given partially visible objects within images (occluded regions are shown in black, visible areas
in red outlines), our Amodal3R generates diverse semantically meaningful 3D assets with reasonable geometry and plausible appearance.
We sample multiple times to get diverse results from the same occluded input. Trained on synthetic datasets, it generalizes well to out-of-
domain test examples from real scenes, where most objects are partially visible, and reconstructs reasonable 3D assets.

Abstract

Most existing image-to-3D models assume that objects
are fully visible, ignoring occlusions that commonly oc-
cur in real-world scenarios. In this paper, we introduce
Amodal3R, a conditional image-to-3D model designed to
reconstruct plausible 3D geometry and appearance from
partial observations. We extend a “foundation” 3D genera-
tor by introducing a visible mask-weighted attention mecha-
nism and an occlusion-aware attention layer that explicitly
leverage visible and occlusion priors to guide the recon-
struction process. We demonstrate that, by training solely
on synthetic data, Amodal3R learns to recover full 3D ob-
jects even in the presence of occlusions in real scenes. It
substantially outperforms state-of-the-art methods that in-
dependently perform 2D amodal completion followed by 3D
reconstruction, thereby establishing a new benchmark for
occlusion-aware 3D reconstruction.
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1. Introduction

Humans possess a remarkable ability to infer the complete
3D shape and appearance of objects from single views,
even when those objects are partly hidden behind occlud-
ers. This ability, known as amodal completion, is key
to operating in complex real-world environments, where
objects are often partially occluded by surrounding clut-
ter. However, existing image-based 3D reconstruction mod-
els [5, 6,23,41,47,48,65,70,71,75,77, 80, 88, 89] fail to
recover full 3D assets when the object is partially occluded.
We thus consider the problem of reconstructing 3D objects
from one or more partially occluded views, a novel task that
we call amodal 3D reconstruction.

Amodal 3D reconstruction is a challenging task that re-
quires reconstructing an object’s photorealistic 3D geome-
try and appearance, including the occluded regions, which
are inherently ambiguous. Previous approaches [7, 54] typ-



ically decompose the task into a two-stage pipeline: first
performing 2D amodal completion [85, 86, 91], followed
by conventional 3D reconstruction [41, 75, 89]. While these
two-stage pipelines are straightforward to implement, they
have some drawbacks. First, 2D amodal completion meth-
ods rely predominantly on appearance-only priors, without
incorporating explicit information on the 3D structure. This
lack of 3D geometric reasoning limits their ability to gen-
erate physically plausible completions. Second, some 3D
reconstruction methods depend on, or benefit from, multi-
view inputs. In this case, 2D amodal completion may lack
multi-view consistency, particularly when performed inde-
pendently for different views, which confuses the 3D re-
construction process.

In this paper, we present Amodal3R, a novel single-
stage paradigm for amodal 3D reconstruction that surpasses
previous state-of-the-art approaches. Amodal3R fine-tunes
a pre-trained 3D generator by introducing a dedicated
branch that explicitly models occlusions. Its key advan-
tage is performing reconstruction, completion, and occlu-
sion reasoning directly in a 3D latent space rather than using
a two-stage scheme. With this, the model can reconstruct
both visible and occluded regions of the object coherently
and plausibly. Specifically, we introduce a mask-weighted
cross-attention to highlight visible information, along with
a new occlusion-aware attention layer to guide completion
in occluded areas. Together, these components enable the
model to focus more on the visible parts of the object with-
out significantly perturbing the pre-trained model.

We designed several benchmarks to evaluate the per-
formance of Amodal3R, including object-level Google
Scanned Objects [16] and Toys4K [67] augmented with
occlusions, 3D scenes from Replica [68], and real-world
monocular images. Without relying on additional heuris-
tics, Amodal3R achieves significantly superior performance
compared to state-of-the-art models and generalizes well to
different datasets, including real ones.

In summary, our main contributions are as follows:

We propose a feed-forward 3D reconstruction model that
directly reconstructs complete and high-quality 3D ob-
jects from one or more partially occluded views.

We introduce a mask-weighted cross-attention mecha-
nism and an occlusion-aware layer to inject occlusion
awareness into an existing 3D reconstruction model, im-
proving both the geometry and appearance of recon-
structed objects when they are partially occluded.

We demonstrate, via experiments on the 3D scene
dataset Replica and real-world images, that our one-stage
pipeline significantly outperforms existing two-stage ap-
proaches, establishing a new benchmark for amodal 3D
reconstruction.
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2. Background

2D Amodal Completion. Recent advances in 2D amodal
completion [2, 54, 83, 85, 86, 91] have achieved significant
success in reconstructing occluded regions of objects in 2D
images. While these methods show promise for 3D gen-
eration pipelines [2, 54], they still have limitations. First,
2D amodal completion models have limited 3D geometric
priors, as they interpret images as 2D patterns. While they
excel at completing textures, they may generate physically
implausible geometries when handling complex occlusions.
This stems from their lack of explicit 3D reasoning and re-
liance on 2D appearance priors, without true volumetric un-
derstanding. Second, for models that use multi-view images
as input, the results of 2D amodal completion are often in-
consistent across views. Inconsistent views need to be han-
dled by the 3D reconstructors, which causes confusion (see
Sec. 4). Although there has been significant work on multi-
view consistent generation [7, 62, 70, 72, 81, 89, 94], multi-
view consistent completion is less explored. RenderDiffu-
sion [1] contains an example, but the results are often blurry
or lack details. This motivates our 3D-centric reconstruc-
tion framework.

3D Shape Completion. Several methods [12, 14, 69, 95]
start from a partial 3D reconstruction, then complete it in
3D. They use encoder-decoder architectures [24] or vol-
umetric representations [10, 29] to robustly recover 3D
shape, but not texture, which is necessary in many appli-
cations. They also still require recovering the partial 3D ge-
ometry from an occluded image, a challenge in itself. Fur-
thermore, they ignore the input image when completing the
object in 3D, disregarding the occlusion pattern that caused
the 3D geometry to be recovered only partially. Recent
work [11, 82] utilizes the partially visible object as input
specifically for 3D shape completion. However, it focuses
solely on geometry reconstruction, without recovering the
object’s texture and appearance. In contrast, our approach
is end-to-end, recovering the complete 3D shape and ap-
pearance of the object from the occluded image.

3D Generative Models. Early advancements in 3D gener-
ation are based on GANs [19], exploring various 3D repre-
sentations such as point clouds [25, 39], voxel grids [84,
96], view sets [48, 55], NeRF [4, 5, 50, 60], SDF [18],
and 3D Gaussian mixtures [78]. While GANs can capture
complex 3D structures, they struggle with stability, scala-
bility, and data diversity. The focus then shifted to diffu-
sion models [22, 59, 66], which are more capable and ver-
satile. They were first applied to novel view synthesis [76]
in image space, before expanding to model a variety of 3D
representations, including point clouds [44, 45, 49, 79, 93],
voxel grids [37, 46], triplanes [64, 98], meshes [20, 43], and
3D Gaussian mixtures [9, 35, 38, 87]. Autoregressive mod-
els [8, 47, 65] have also been explored for mesh generation,
focusing on improving the topology of the final 3D mesh.
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Figure 2. Overview of Amodal3R. Given an image as input and the regions of interest, Amodal3R first extracts the partially visible
target object, along with the visibility and occlusion masks using an off-the-shelf 2D segmenter. It then applies DINOv2 [53] to extract
features cqino as additional conditioning for the 3D reconstructor. To enhance occlusion reasoning, each transformer block incorporates a
mask-weighted cross-attention (via c.is) and occlusion-aware attention layer (via Co.), ensuring the 3D reconstructor accurately perceives
visible information while effectively inferring occluded parts. For conditioning details, see Sec. 3.1.

An alternative to performing diffusion in 2D image
space [62, 70, 89] is to use 3D latent spaces [28, 51, 58,
63, 74, 80]. Such methods typically consist of two stages:
the first for generating geometry and the second for gen-
erating appearance, and are capable of high-quality image-
to-3D generation. However, they assume that input objects
are fully visible, which limits their application to real-world
scenes, where occlusions are frequent. Here, we extend
such approaches to generate high-quality 3D assets from
occluded input images — a challenging task that requires
inferring complete 3D objects from partial information.

3. Method

Consider an image x containing a partially occluded view
of an object of interest o;. We wish to reconstruct the com-
plete 3D shape and appearance y of the object o;. This task
is conceptually similar to existing image-to-3D reconstruc-
tion, except that here the object is partially occluded instead
of being fully visible in . We call this problem amodal 3D
reconstruction.

We introduce Amodal3R (Fig. 2), a new method for
amodal 3D reconstruction. Unlike recent two-stage meth-
ods [7, 54] that first perform 2D amodal completion fol-
lowed by 3D reconstruction, Amodal3R is an end-to-end
occlusion-aware 3D reconstruction model that generates
complete geometry and appearance directly within the 3D
space. Formally, Amodal3R is a conditional generator
v (yloi, Myis, Moce) that takes as input the image z, cen-
tered on a partially visible object 0;, as well as the visibility
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mask M,;s and occlusion mask M. The visibility mask
M;s highlights the pixels in x that correspond to object o,
while M, marks the pixels occupied by occluders, i.e., all
other objects that potentially obscure o;. For real images,
these masks can be efficiently obtained using pre-trained
2D segmentation models like Segment Anything [34]. By
providing point coordinate prompts for the object of interest
o; and its occluders, the segmentation model can generate
the corresponding masks. In cases where multiple occluders
are present, or when occluders fragment the visible area of
the target object, a sequential process is employed. Specif-
ically, point prompts for each visible/occluding region are
provided to the 2D segmenter one at a time, with the model
generating an individual mask for each region. These masks
are then aggregated to form comprehensive visibility and
occlusion masks.

The challenges for Amodal3R are how to: (1) produce a
plausible and complete 3D shape and appearance from par-
tial observations, even in the absence of multi-view infor-
mation; and (2) ensure 3D consistency in terms of geometry
and photometry, maintaining seamless visual coherence be-
tween visible and generated regions.

3.1. Mask-Conditional Generative Models

To fine-tune an image-to-3D model for partially occluded
inputs, the key change is to condition the transformer vy
not only on the object of interest o;, but also on the visibility
and occlusion masks, i.e., M, and M. A naive approach
is to patchify or embed the masks into tokens (cis, Cocc)s
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Figure 3. The transformer structure of Amodal3R. Compared
with the original TRELLIS [80] design, we further introduce the
mask-weighted cross-attention and occlusion-aware layer. It ap-
plies to both sparse structure and SLAT diffusion models.

which can be concatenated to the image tokens cgino and
processed by cross-attention as before. However, the RGB
o; contains significantly more information than the binary
masks M,;s and M. The transformer, which is initially
trained with RGB only, may simply ignore the mask infor-
mation. This is compounded by the fact that learning to use
this new information, which involves a new type of token
that is incompatible with image tokens, may require aggres-
sive fine-tuning of the transformer.

To sidestep this problem, inspired by masked attention

approaches in 2D completion [92], we introduce mask-
weighted cross-attention and an occlusion-aware attention
layer to better utilize the visibility mask M, and the oc-
clusion mask M, without disrupting the pre-trained 3D
generator. These are described next.
Mask-weighted Cross-Attention. A key novel component
of Amodal3R is mask-weighted cross-attention, which al-
lows the model to focus its attention on the visible parts of
the object. We implement this mechanism in each attention
block in the transformers vy of a pre-trained 3D generator.
Given the latent tokens £ € RZ*® input to a cross-attention
layer as well as the image features cgino € REXC" of the
partially visible object, cross-attention computes the simi-
larity score matrix via

q=Wut, [k,v]=WicCino, S=qk'/VD, (1)
where W, and W, are learnable projections that map the
latents £ to the query g, and the conditioning image feature
Cdino to the key k and the value v, respectively, while D is
the dimension of the query and key vectors.

We wish to bias the token similarity matrix § € RE*E
towards the visible parts of the object. Recall that K
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Figure 4. 3D-consistent mask example. Given a 3D mesh, we
render selected triangles in a distinct color from the others to
generate multi-view consistent masks. It allows the evaluation of
multi-view methods in handling contact occlusion. (The occluded
regions are shown in red.)

is the number of tokens cgip, extracted by DINOv2 [52]
from the occluded image = - M,;. Each token thus cor-
responds to a P x P patch in the input image (where
P 14).  We extract analogous flattened 1-D tokens
cis = [p(Myis1), - - -, p(Myis,ic)] from the visibility mask
by calculating the fraction of P x P pixels that are visible
in the j-th image patch M ;. cvis,; = p(Myis,;) € [0,1].
We then use these quantities to bias the computation of the
attention matrix A = softmax(S + logcyis) € [0,1]L*M
via broadcasting. Hence:

Cyis, j GXP(Sij)

A= }
Ziil Cuis,k €xp(Sik)

2

In this manner, the visibility flag modulates the attention
matrix A smoothly. If there are no visible pixels in a patch
j, then A;; = 0, so the corresponding image tokens are
skipped in cross-attention. While we have illustrated how
this works for a single head, in practice Amodal3R uses a
multi-head transformer, to which Eq. (2) extends trivially.
Please see the supplementary materials for more details.
Occlusion-aware Attention Layer. To prevent the net-
work from arbitrarily extending the geometry beyond the
occluded regions, we further introduce an occlusion-aware
attention layer. The key insight is that specifying only visi-
ble information is insufficient; it is equally important to dis-
tinguish foreground occluders from the background, as this
explicitly identifies the potential regions requiring comple-
tion. Namely, when a pixel is marked as invisible in the
mask M., this might be (i) because there is an occluder in
front of that pixel (so the pixel could plausibly belong to the
object of interest if the occlusion were removed), or (ii) be-
cause the pixel is entirely off the object. This information
is encoded by the mask M.

To help the model distinguish between visible, occluded,
and background areas, we add one more cross-attention
layer placed immediately after the mask-weighted cross-
attention layer, and pool solely the occlusion mask M.
We encode the occlusion mask M. as a sequence of flat-
tened 1-D tokens coce = [P(Moce1)s - - -y P(Moce,ar)], and
then simply pool ¢, using a cross-attention layer.



3.2. Simulating Occluded 3D Data

To train and evaluate our model, we require a dataset of 3D
assets imaged in scenarios with clutter and occlusions. We
curated a large synthetic 3D dataset to train our model, as
collecting such 3D assets in the real world is challenging.
Random 2D Occlusions. Each training sample
(0, x, Myis, Moce) consists of a 3D object o (from which
ground truth latents can be obtained by using the encoders
of Appendix A.l), an image x with partial occlusions,
and corresponding visibility and occlusion masks My
and M,... In a real scenario, occlusions arise from other
objects in the scene. In a multi-view setting, like the one
discussed below, these occlusions must be consistent across
views, reflecting the underlying scene geometry. However,
because our model is trained for single-view reconstruction,
we can simulate occlusions by randomly masking parts
of the object after rendering it in 2D. This is simpler and
allows us to generate fresh occlusion patterns each time a
view is sampled for training.

Thus, given o and an image = rendered from a random
viewpoint, we generate random occlusion masks as follows.
Inspired by work on 2D completion [26, 40, 56, 90, 92],
we randomly place lines, ellipses, and rectangles, simulat-
ing diverse masking patterns. The union of these random
shapes gives us the occlusion mask Moc.. Then, if Myy; is
the mask of the unoccluded object, the visible mask is given
by Myis = My © (1 — Moe). Examples of such patterns
are given in the supplementary material.
3D-consistent Occlusions. In a real scene imaged from
multiple views, occlusions are not random but geometri-
cally consistent across different viewpoints, as they result
from other objects. This is especially true for contact oc-
clusions, where parts of an object remain occluded by other
objects from all viewpoints. To evaluate the model’s per-
formance under such challenging conditions, 3D-consistent
masks are required.

To efficiently generate such contact occlusion masks, we
leverage 3D meshes during rendering. Starting from a ran-
domly chosen triangle, we apply a random-walk strategy
to iteratively select neighboring triangles, forming continu-
ous occluded regions until the predefined mask ratio is met.
By rendering these masked meshes using the same camera
parameters as the RGB images, we ensure multi-view con-
sistency in the generated occlusion masks (see Fig. 4).

3.3. Reconstruction with Multi-view Input

Since our flow-based model performs multiple denoising
steps and does not require known camera poses for input
views, Amodal3R can benefit from multi-view reference im-
ages X = {z;}}¥, as conditioning inputs at different steps
of the denoising process. While multi-view conditioning
naturally improves reconstruction performance, a potential
issue is that an image used earlier in the denoising process
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has a stronger influence on the final 3D geometry. This is
because early denoising steps establish the coarse geometry,
whereas later steps refine higher-frequency details [32, 33].
Therefore, we prioritize input images based on their vis-
ibility. Specifically, when experimenting with multi-view
inputs, we sort the images in proportion to the object visi-
bility | My;s|, ensuring that images with higher visibility are
used as primary inputs.

4. Experiments

4.1. Experiment Settings

Datasets. Amodal3R is trained on a combination of 3D
synthetic datasets: 3D-FUTURE (9,472 objects [17]), ABO
(4,485 objects [13]), and HSSD (6,670 objects [31]). Once
trained, we first assessed its effectiveness on Toys4K (ran-
domly sampling 1,500 objects [67]) and Google Scanned
Objects (GSO) (1,030 objects [16]), which were excluded
from the training data for both our model and the baselines.
During inference, a 3D-consistent mask occludes each in-
put object, and each view is augmented with additional ran-
domly generated occlusion areas. This ensures that the
model cannot simply extract the region to be completed
from the occlusion masks. To further assess out-of-domain
generalization in practical applications, we also evaluated
all models on the 3D scene dataset Replica [68] as well as
on in-the-wild images.

Metrics. To measure the quality of the rendered images,
we use the Fréchet Inception Distance (FID) [21] and the
Kernel Inception Distance (KID) [3]. To assess the qual-
ity of the reconstructed 3D geometry, we use the Coverage
Score (COV), the Point cloud FID (P-FID) [49], and the
Minimum Matching Distance (MMD) using the Chamfer
Distance (CD). COV measures the diversity of the results,
while P-FID and MMD measure the quality of the 3D re-
construction. We also use the CLIP score [57] to evaluate
the consistency between each generated and ground-truth
object pair.

Baselines. Most image-to-3D generators are trained on
fully visible inputs. To ensure fair comparison, we com-
pleted the partially visible 2D objects before passing them
to 3D generators. In particular, we use pix2gestalt [54], a
state-of-the-art 2D amodal completion network. Using this
protocol, we compared Amodal3R to state-of-the-art meth-
ods such as TRELLIS [80], Real3D [27], GaussianAny-
thing [36]icLr 25, and LaRa [6]gccvea4.

Implementation Details. Amodal3R is trained on 4 A100
GPUs (40G) for 20K steps with a batch size of 16, taking
approximately one day. We select TRELLIS [80] as un-
derlying model because it is the latest 3D generator and is
publicly available. However, our method is not specific to
this model.



Method V-num 2D-Comp Appearance Geometry
FID| KID(%)} CLIPT P-FID| COV(%)T MMD(%o) ]

GaussianAnything [36] 1 pix2gestalt [54] 92.26 1.30 0.74 34.69 35.92 5.03
Real3D [27] 1 pix2gestalt [54] 91.21 2.02 0.75 23.92 19.61 9.21
TRELLIS [80] 1 pix2gestalt [54] 58.82 5.87 0.76 26.43 31.65 4.17
Amodal3R (Ours) 1 — 30.64 0.35 0.81 7.69 39.61 3.62
LaRa [6] 4 pix2gestalt [54] 172.84 4.54 0.70 66.34 24.56 8.11
LaRa [6] 4 pix2gestalt [54]+MV  97.53 2.63 0.75 21.80 26.21 8.61
TRELLIS [80] 4 pix2gestalt [54] 65.69 6.92 0.78 24.64 32.33 4.26
TRELLIS [80] 4 pix2gestalt [54]+MV  60.37 1.85 0.83 19.68 31.75 4.21
Amodal3R (Ours) 4 — 26.27 0.22 0.84 5.03 38.74 3.61

Table 1. Amodal 3D reconstruction results on GSO [16]. Here, V-num denotes the number of input views, and 2D-Comp refers to the
2D completion method. For single-view image-to-3D, we first complete occluded objects using pix2gestalt [54] before passing them to
various 3D models. For multi-view image-to-3D, we adopt two variants: (1) pix2gestalt [54] is applied independently on each view; (2)
pix2gestalt [54] + MV: a single-view completion is generated first, followed by multi-view diffusion [61] to synthesize 4 views as inputs.
Without bells and whistles, Amodal3R consistently outperforms state-of-the-art models across all evaluation metrics.

Method Vonum 2D-Comp Appearance Geometry
FID| KID(%)| CLIPt+ P-FID| COV(%)T MMD(%0) |

GaussianAnything [36] 1 pix2gestalt [54] 57.17 1.22 0.80 21.97 33.56 7.23
Real3D [27] 1 pix2gestalt [54] 59.92 1.63 0.79 23.31 24.35 9.53
TRELLIS [80] 1 pix2gestalt [54] 43.05 6.83 0.80 26.04 26.28 6.87
Amodal3R (Ours) 1 — 23.45 0.42 0.83 5.00 37.09 5.89
LaRa [6] 4 pix2gestalt [54] 123.52 3.61 0.75 4591 27.89 9.67
LaRa [6] 4 pix2gestalt [54]+MV  75.33 4.14 0.80 13.00 24.82 10.93
TRELLIS [80] 4 pix2gestalt [54] 46.34 8.77 0.81 28.76 25.35 7.13
TRELLIS [80] 4 pix2gestalt [5S4]+MV  43.00 7.53 0.81 24.41 26.55 7.05
Amodal3R (Ours) 4 — 20.93 0.50 0.85 3.78 39.03 5.75

Table 2. Amodal 3D reconstruction results on Toys4K [67]. The experimental setting is the same to Tab. 1, except for the dataset.

A

Input

O

w’ o
PN

GaussianAnything [36]

\f ’\"’

pix2gestalt [54]

Real3D [27]

.N//‘\

TRELLIS [80]

Amodal3R (Ours)

Figure 5. Single-view amodal 3D reconstruction. The occlusion regions are shown in black and the visible regions are highlighted with
red outlines. More examples are provided in supplementary material Fig. D.4

4.2. Main Results

Quantitative Results. We compare Amodal3R with prior
methods on amodal 3D reconstruction in Tabs. 1 and 2.
Amodal3R significantly outperforms the baselines across
all metrics in both single- and multi-view settings, demon-
strating its effectiveness. Notably, two-stage methods us-
ing multiple views (“4 V-num + pix2gestalt”) perform
worse than their single-view counterparts (“1 V-num +
pix2gestalt”). This shows that inconsistent 2D completion
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degrades 3D reconstruction (Sec. 2). In contrast, Amodal3R
avoids this issue by operating directly in 3D space and ben-
efits from additional occluded views as expected.

Qualitative Results. Qualitative results are shown in
Figs. 5 and 6 and in the supplementary material Figs. D.4
and D.5. For all baselines, pix2gestalt is first applied for 2D
amodal completion (second column), and the corresponding
completed images are passed to each baseline image-to-3D
generator. Amodal3R consistently produces high-quality
3D assets under both single- and multi-view settings, even
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Figure 7. Ablation examples. Naive concatenation fails to recon-
struct complete shape and appearance. Mask-weighted attention
alone extends geometry into background regions, while occlusion-
aware attention alone cannot guarantee photorealistic appearance.

in challenging scenarios. In contrast, 2D completion incon-
sistencies accumulate as more views are added, especially
when pix2gestalt is more uncertain, confusing the down-
stream reconstructor models. For instance, in the giraffe ex-
ample in Fig. 5, the pix2gestalt completion fails to capture
the overall structure of the 3D object, which in turn leads the
3D generator models to misinterpret it as a woodstick-like
shape. Instead, Amodal3R reconstructs the 3D geometry
and appearance well, maintaining good alignment with the
partially visible inputs. These results underscore the effec-
tiveness of Amodal3R and highlight the benefit of integrat-
ing occlusion reasoning directly in 3D space, eliminating
the reliance on separate, potentially inconsistent, 2D com-
pletion stages.

4.3. Ablation Study

We conducted several ablations to study the impact of the
different components of Amodal3R and report the results in
Tab. 3 and Fig. 7. For these experiments, we test single-
view image-to-3D reconstruction on the GSO dataset.

Naive Conditioning. We first evaluated a version of the
model that still conditions the reconstruction on the visibil-
ity and occlusion masks, but without using the modules of
Sec. 3.1. Instead, we directly concatenate the tokens cyjs
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Method Appearance Geometry

FID | KID(%) | COV (%)t MMD(%o) |
naive conditioning 31.96 0.49 37.96 3.61
w/ only mask-weighted attention 30.53 0.38 36.90 3.69
w/ only occlusion-aware layer ~ 31.77 0.57 40.19 3.51
full model (Ours) 30.64 0.35 39.61 3.62

Table 3. Ablations on different mask conditioning designs.

to Cgino to form the condition for the cross-attention layer.
The results (first row in Tab. 3 and second column in Fig. 7)
show that, while the resulting model can still perform basic
completion, the textures in the occluded regions are incon-
sistent with those in the visible ones, and the reconstructed
geometry is inaccurate, e.g. the hole in the shoe.
Mask-weighted Attention. To evaluate the effectiveness
of our proposed mask-weighted attention mechanism, we
integrate it into the training while omitting the occlusion-
aware layer. The results demonstrate improved visual qual-
ity, especially in capturing texture details in the visible ar-
eas. However, the geometries exhibit deficiencies, as seen
in the problematic shoe in Fig. 7 (first row), and the toy
monster with a broken back (third row).

Occlusion-aware Layer. The integration of the occlusion-
aware layer improves the geometry both quantitatively and
qualitatively. This aligns with our motivation for intro-
ducing an additional cross-attention layer, aimed at recon-
structing the visible areas via the image-conditioned layer
and occluded areas via the subsequent layer. However, the
occlusion-aware layer alone still results in unsatisfactory
appearances, which again indirectly attests to the effective-
ness of the mask-weighted attention mechanism.

Full Model. Consequently, the full model integrating both
modules achieves optimal 3D generation results character-
ized by complete geometry and consistent textures.

4.4. Real-World Generation / Completion

Amodal3R demonstrates strong generalization to out-of-
domain test examples, primarily because it builds upon
a large-scale pre-trained 3D generator and is fine-tuned
with diverse categories. To demonstrate this advantage,
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Figure 8. Examples on Replica [68] and in-the-wild images. The target objects and the occluders are shown in red and green outlines.
More examples are provided in supplementary material Figs. D.7 to D.9.

Method P-FID| COV(%) T MMD(%o) |
GaussianAnything  91.37 61.22 25.00
Real3D 79.55 55.10 18.28
TRELLIS 128.52 59.17 23.95
Amodal3R 61.46 59.18 10.98

Table 4. Quantitative results on the Replica dataset [68].

we conducted scene-level evaluations. Qualitative results
are shown in Fig. 8, which include COCOA [97] (first two
rows), Replica [68] (third and fourth rows), and in-the-wild
images (fifth and sixth rows). Here, we used Segment Any-
thing [34] to obtain the visibility and occlusion masks. The
results show that Amodal3R generates photorealistic 3D as-
sets, whereas pix2gestalt fails to infer complete shapes from
the same inputs, leading to unsatisfactory results from sub-
sequent image-to-3D models. We also visualize the colored
normal maps, which show that the results of Amodal3R are
simultaneously rich in geometric and textural detail.
Quantitative results are presented in Tab. 4. As real-
world datasets with instance 3D amodal annotations for
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both geometry and appearance are limited, here we focus
on geometry evaluation by curating a set of 49 completed
3D instances from the Replica scenes. Furthermore, we
used the Umeyama algorithm [73] to match the generated
meshes with the ground truth meshes in terms of scale and
pose. It can be observed that our Amodal3R is still on par
with or better than the baselines on the scene-level dataset.

5. Conclusion

We have introduced Amodal3R, a feed-forward approach to
reconstruct the complete photorealistic 3D assets from par-
tially visible images. The key to our success is that we con-
struct a mask-weighted cross-attention mechanism and an
occlusion-aware layer to effectively exploit visible and oc-
cluded information. Compared to the state-of-the-art meth-
ods that rely on sequential 2D completion followed by 3D
generation, our Amodal3R achieves remarkably better per-
formance by operating directly in 3D space. Furthermore,
results on in-the-wild images indicate its potential for sub-
sequent applications in 3D decomposition, marking a step
towards robust 3D asset reconstruction in real-world envi-
ronments with complex occlusion.
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