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Abstract

Occlusion remains a core challenge in vision, as project-
ing a 3D world into 2D inevitably hides much of the scene
geometry. We present FoundationDeOcclusion, a fast gener-
ative framework for fast occlusion recovery that reconstructs
hidden geometry and appearance from partial visual obser-
vations. FoundationDeOcclusion first identifies occluded
objects from monocular image sequences using Grounded-
SAM, then matches them across views using depth cues esti-
mated by 3D reconstruction models. We introduce a novel
geometry-aware linear de-occlusion Transformer (GL-DoT)
that synthesizes the missing regions, which are then inte-
grated into the 3D scene through depth-aware fusion. As a
result, FoundationDeOcclusion improves 3D scene recon-
struction under occlusion. Notably, GL-DoT attains strong
performance with only four denoising steps and runs at
near real-time speed (6 FPS), challenging the prevailing be-
lief that generative models are impractical for time-critical
robotic tasks. Finally, we demonstrate the effectiveness of
FoundationDeOcclusion in real-robot navigation and manip-
ulation. Without bells and whistles, it boosts the prior-art
AnyGrasp by 43.8% in success rate without task-specific
tuning, setting a new state of the art for mobile manipulation
under occlusion.

1. Introduction

Recovering the full 3D geometry of real-world scenes from

monocular RGB image sequences remains a long-standing

challenge in computer vision [1, 56, 57, 61]. Despite ad-

vances in monocular reconstruction [37, 64, 65, 67], these

models still struggle with occlusion—a fundamental limita-

tion caused by projecting a 3D world onto 2D images, which

inevitably hides substantial portions of scene geometry. In

realistic settings such as robotics or autonomous naviga-

tion [5, 68], full 360° coverage is rarely possible, leading to

incomplete reconstructions that hinder visual planning.

As shown in Fig. 1, even the advanced methods like
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Figure 1. Hidden scene geometry motivates FoundationDeOc-

clusion, which reconstructs occluded regions and restores com-

pleteness (top). The comparisons (bottom) show that our method

achieves state-of-the-art speed, recovers more accurate geometry

than the baseline, and significantly improves real-robot manipula-

tion.

VGGT [64] and Depth Anything 3 [39] can reconstruct visi-

ble surfaces accurately but entirely miss hidden parts, such

as chair legs or wheels under a table, resulting in perceptually

incomplete scenes. In contrast, the human visual system nat-

urally performs de-occlusion — inferring occluded structure

based on context and prior knowledge [34? ]. Equipping

robots with this capability is key to robust 3D perception and

interaction.

Existing approaches to scene-level de-occlusion or

amodal reasoning remain limited. Object-centric meth-

ods [22, 30, 48] or heavy point-cloud optimizations do

not scale to full scenes, while 2D amodal completion [48]

lacks geometric grounding. Moreover, diffusion-based meth-

ods [48] are slow, requiring many denoising steps — imprac-

tical for time-critical robotic tasks such as navigating to an

ambulance or assisting object loading.

We introduce FoundationDeOcclusion, a fast, genera-

tive framework that augments existing 3D reconstruction

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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models by recovering occluded geometry and appearance

in a training-free manner. Given monocular RGB im-

age sequences, our method (1) identifies occluded regions

via Grounding-SAM and matches corresponding instances

across views using heuristic depth cues from 3D reconstruc-

tion models, and (2) synthesizes occluded regions by leverag-

ing the proposed geometry-aware linear De-Occlusion Trans-

former (GL-DoT). The recovered regions are then fused back

into the scene through depth-aware alignment, yielding per-

ceptually complete reconstructions with spatial coherence.

As a result, FoundationDeOcclusion improves 3D scene

reconstruction under occlusion and the proposed GL-DoT

achieves near real-time speed (6 FPS) with only four denois-

ing steps. When applied to downstream tasks such as robot

navigation and manipulation, it boosts the AnyGrasp base-

line by 43.8% in success rate, demonstrating the practical

value of fast occlusion recovery.

In summary, our contribution is four-fold:

• We propose FoundationDeOcclusion, a fast generative

framework that augments existing 3D reconstruction mod-

els to recover occluded geometry and appearance.

• We design a novel geometry-aware linear De-Occlusion

Transformer (GL-DoT) that enables fast, generative occlu-

sion recovery with only a few denoising steps.

• We demonstrate strong real-world performance on robot

navigation and manipulation, highlighting the potential of

generative vision for robotics.

2. Related Work

We briefly review related work in 3D reconstruction, de-

occlusion, and robot mobile manipulation.

3D scene reconstruction. Monocular 3D reconstruction

has evolved from SfM [1, 56, 57] and SLAM [6, 13, 16]

to learning-based paradigms that directly infer depth, pose,

and structure from RGB inputs [59, 61]. Recent methods

adopt geometry-first formulations with point-cloud-based

representations, such as DUSt3R [67], CUT3R [65], and

MonST3R [85], enabling dense reconstruction and view

integration. Scalable systems like MASt3R-SLAM [47]

and Transformer-based models like VGGT [64] and follow-

ups [89] further improve reconstructions. However, existing

methods focus solely on visible surfaces, leaving occluded

geometry unaddressed. We bridge this gap by recovering oc-

cluded geometry to improve perceptual completeness while

preserving global spatial consistency of the scene.

De-occlusion, point-cloud completion, and amodal per-
ception. Recovering structures hidden by occlusion has been

explored across 3D completion and 2D amodal reasoning.

Point cloud completion methods [49, 73, 77, 81, 82] recon-

struct missing geometry from partial scans, but most are

object-centric and rely on synthetic supervision or category-

specific training. Training-free approaches [22, 30] leverage

diffusion-based test-time optimization for open-set shapes,

yet require minutes per object and do not exploit global

scene context. In parallel, 2D amodal perception—including

inpainting [9, 11, 14, 42, 48, 80, 83], detection [25, 29],

and segmentation [31, 52, 58, 84]—infers invisible re-

gions directly in image space but lacks spatial geometric

grounding. Depth-aware extensions [26, 36, 38], NERF-

based approach [70], and single-/novel-view scene synthe-

sis [15, 18, 23, 55, 78] can improve geometric cues, though

often at the cost of runtime. Our method is complemen-

tary to these efforts. Integrating de-occlusion directly into

VGGT-style scene reconstruction remains largely open, and

we focus specifically on achieving fast, scene-level comple-

tion suitable for real-world robotic settings — where timely

decisions are essential and long diffusion or optimization

loops are often impractical.

Robot navigation and manipulation. Mobile manipulation

requires coordinating mapping, navigation, and interaction

under partial observability. Occlusion is often handled by

seeking better viewpoints or delaying action, while belief-

driven search [4, 63, 87] selects informative views but can

involve long exploration and fails when targets stay hidden.

In open-vocabulary settings, many systems assume static

voxel or feature-field maps [8, 24, 32], requiring re-mapping

as objects move or occlusions change [40, 44, 69, 79]. Dy-

namic spatio-semantic memories [41, 76] mitigate this but

may still spend time re-exploring before updating occluded

regions. Occlusion also impacts manipulation: grasp pro-

posals [43, 45, 46] and 6D pose estimation [35, 51, 74]

degrade when contact surfaces are hidden, and mechan-

ical search [12] adds extra steps and risk. Over long

horizons, uncertainty compounds in task-and-motion plan-

ning [19, 28] and vision-language-action systems [2, 33, 60].

In contrast, FoundationDeOcclusion offers fast and cross-

view–consistent de-occlusion that (i) increase information

gain per step, (ii) update semantic and freespace maps

precisely at occluded regions, and (iii) restore graspable,

collision-safe surfaces — improving navigation and manipu-

lation in real-world settings.

3. FoundationDeOcclusion
We first revisit reconstruction, formulate the problem of

occlusion, and present our FoundationDeOcclusion.

Preliminaries of 3D Scene Reconstruction. Given a se-

quence of RGB images I = (Iv)
N
v=1 of a static scene, a

reconstruction model G (e.g., VGGT and Depth Anything 3)

predicts for each view a depth map Dv ∈ R
H×W , camera

intrinsics/extrinsics Kv, and a corresponding point cloud

Pv ∈ R
3×H×W . Formally,

G(I) = G((Iv)Nv=1) = (Pv, Dv,Kv)
N
v=1. (1)

P is simply the aggregation of per-view point clouds, pro-
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Figure 2. Overview of the FoundationDeOcclusion framework. FoundationDeOcclusion first identifies occluded objects from monocular

image sequences using Grounded SAM, then matches them across views using heuristic depth cues estimated by 3D reconstruction models

(§3.1). We introduce a geometry-aware linear de-occlusion Transformer (GL-DoT, §3.2) that leverages geometry-aware cross-view condition

to synthesize the occluded regions, which are then integrated into the 3D scene through depth-aware fusion (§3.3).

viding a deterministic lifting of visible pixels into 3D. While

it accurately reconstructs observed surfaces, any geometry

hidden in the input views I is inevitably missing.

Problem formulation. A complete 3D scene P̂ consists of

both visible geometry P reconstructed by G and the missing,

occluded geometry Poccluded. Our objective is to estimate

Poccluded and fuse it with the visible point cloud P , yielding

a perceptually complete reconstruction P̂ , defined by:

P̂ = P ∪ Poccluded = G(I) ∪ G(f(I)), (2)

where f(·) is a system for recovering occluded regions.

As illustrated in Fig. 2, we propose FoundationDeOcclu-
sion as an effective framework to tackle occlusion through

three modules: (i) Occlusion Detection and Matching (§3.1),

(ii) a Geometry-aware Linear De-Occlusion Transformer

(§3.2), and (iii) depth-aligned geometry fusion (§3.3). To-

gether, these components provide a fast, generative solution

for completing occluded scene geometry.

3.1. Occlusion Detection and Matching
The first module of FoundationDeOcclusion identifies all

unique object instances in the scene. A single object in-

stance, such as the chair in Fig. 2, may appear as several

fragmented 2D regions. Because each unique object instance

may also appear in multiple views, we gather its masks

across viewpoints, detect occlusions using depth, and match

masks belonging to the same 3D object via spatial distances.

Occlusion detection. We segment each image Iv ∈ I using

Grounded-SAM [54] for instance masks and RAM [86] for

semantic labels, yielding the semantic mask Mk
v for k-th in-

stance at view v. Using the depth map Dv and local mask ad-

jacency, we determine per-view occlusion. When two masks

(M i
v , M j

v ) share a boundary, the one Mo
v ∈ {M i

v,M
j
v} with

the larger depth (i.e., farther from the camera) is marked

as occluded for that viewpoint. We assign this mask an

occlusion label Lo
v = 1, which is later aggregated at the

3D-instance level.

Occlusion cross-view matching. We establish the cross-

view association to group 2D masks into unique 3D instances.

For each mask, we extract its corresponding 3D geometry

from Pv to compute its centroid in 3D. For “occlusion cross-
view matching” in Fig. 2, we measure the Euclidean distance

between centroids of masks from different views. Two masks

are grouped as the same 3D instance if their distance falls

below a threshold τ . We design τ as an adaptive threshold

derived from the distribution of all such centroid distances

to ensure robust grouping across diverse scenes, and the cor-

responding ablation can be found in the experiment section.

As a result, each 3D instance is associated with its 2D masks

across views and a per-mask occlusion status.

3.2. Geometry-Aware Linear DeOcclusion
Transformer (GL-DoT)

After detecting unique 3D instances and matching the oc-

clusion across views, this section focuses on completing

occluded regions while preserving scene consistency. We

build our fast generative model upon the linear DiT architec-

ture [75] (Fig. 3 (a)), whose diffusion Transformer employs

linear attention [20, 75], cross-attention for text conditioning,

and an FNN for noise prediction. Below, we describe how

these components evolve into our design.

Linear DeOcclusion Transformer (L-DoT). We propose
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Transformer (L-DoT) to enable efficient object de-occlusion. (c) We further extend this to the Geometry-Consistent Linear DoT (GL-DoT),

maximizing information gain across multiple views. Finally, we apply few-step denoising at inference to achieve near real-time de-occlusion.

the novel L-DoT (Fig. 2) for generative de-occlusion. To

improve efficiency, we adopt linear attention [75] in our diffu-

sion Transformer, replacing the standard quadratic attention

used in DiT [50] and conventional U-Net–based diffusion

models like Stable Diffusion 2.1 in Pix2Gestalt [48]. Un-

like L-DiT [75], which targets text-to-image generation, we

propose the Linear DeOcclusion Transformer (L-DoT), a

generator specifically tailored for object-level de-occlusion.

Specifically, let M = {Mv}kv=1 be the selected visible-

region masks for an object instance, and let Iv denote the

corresponding RGB images. To complete the occluded re-

gion in Mv, we synthesize the missing content directly in

image space. Let C(·) be our L-DoT module and φ(·) the

CLIP [53] vision encoder providing conditioning features.

The de-occlusion of a single-view is then expressed as

Îv = C(Mv

∣∣φ(Iv)), (3)

where Îv is the completed image at view v. However, rely-

ing solely on single-view conditioning overlooks cross-view

cues from the same 3D instance, leading to ungrounded or

inconsistent completions across viewpoints.

For training L-DoT, we use the synthetic dataset from

[48], which provides occluded objects paired with their com-

plete counterparts. Following [75], we adopt rectified flow

for noise prediction. During inference, while typical dif-

fusion models (e.g., [48]) degrade sharply when reducing

denoising steps, L-DoT sustains high performance with as

few as four inference steps. This design delivers strong

de-occlusion quality while enabling near–real-time speed.

Geometry-aware Linear DeOcclusion Transformer (GL-
DoT). Thus, to enforce consistency across views of the same

3D instance, we extend L-DoT with explicit cross-view con-

ditioning, yielding our Geometry-aware Linear DeOcclusion
Transformer (GL-DoT), as illustrated in Fig. 3. The idea is

simple but effective: L-DoT conditions on the visible regions

from other viewpoints to guide completion. Specifically, let

Nv ⊂ {1, . . . , k} \ {v} be the indices of the additional con-

ditioning views, and define their aggregated representation:

φ̄v =
1

|Nv|
∑
j∈Nv

φ(Ij). (4)

We then form a convex combination of the current-view and

cross-view CLIP vision features:

Îv = C
(
Mv

∣∣∣ (1− ρ)φ(Iv) + ρ φ̄v

)
, (5)

where ρ ∈ [0, 1] balances the contributions from the current
view and the cross-view features. This design encourages

the synthesized completion to be both semantically plausible

and perceptually consistent.

Selecting informative conditioning views is non-trivial.

Among all masks of the same instance, we first pick the

mask with the largest visible area, then compute pairwise

viewpoint angles and retain only the largest mask every δ
degrees. For example, with δ = 90◦ for a roughly horizontal

camera path, at most four representative views are selected.

This selection provides broad coverage of 3D surfaces while

keeping the computation manageable.

In short, by conditioning on cross-view features, the GL-

DoT is able to perform generative de-occlusion with cross-

view geometry consistency. The generations are then passed

to the next stage for depth-aligned geometric fusion.

3.3. Depth-Aligned Geometry Fusion
For each 3D instance and each viewpoint v, we begin with

its visible mask Mv, the de-occluded image Îv, and the

completed object mask M̂v . A straightforward strategy is to

predict a depth map for the newly synthesized region in Îv �
M̂v and back-project it into 3D. However, because this de-

occluded region is synthesized, its predicted depth D̂v often

has scale or pose inconsistencies, leading to misalignment

when fused with the original point cloud P .

To address this issue, we introduce a simple but effective

depth-alignment scheme. The core idea is to use the overlap-

ping visible region as a geometric anchor: by aligning the
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predicted depth to the true depth on this shared region, the

synthesized portion naturally inherits the correct scale and

pose. Let D̂v be the depth predicted from the de-occluded

image, with D̂v � M̂v representing the completed object

(including both visible and generated regions). Let Dv�Mv

denote the original depth on the visible region. The depth

of sampling point dv ∈ Dv �Mv in the visible region acts

as a trusted anchor, and each has a corresponding predicted

sample d̂v ∈ D̂v �Mv at the same 2D position.

We align the two by estimating a per-view scale and shift

(α, β) via robust linear regression:

(α, β) = argmin
α,β

∑
p∈Mv

ξ
(
dv(p)−

(
α d̂v(p) + β

))
, (6)

where ξ(·) is the Huber loss. The estimated α and β are

then applied to the full predicted depth map D̂v to obtain an

aligned depth map. Since this regression only involves pixels

in a single object mask and a 1D affine model, it is highly

efficient and introduces negligible computational overhead.

Using the aligned depth, we back-project the completed

instance and safely fuse it into the original 3D geometry, and

repeat this process across views for multi-view geometry

fusion. In this way, we improve the completeness of each

3D instance without distorting the global scene structure.

4. Experiments

In this section, we first evaluate the effectiveness of Foun-

dationDeOcclusionin improving 3D reconstruction under

occlusion across both indoor and in-the-wild settings (§4.1).

We then demonstrate that the de-occluded outputs produced

by FoundationDeOcclusion substantially benefit downstream

tasks, especially robotic manipulation (§4.2). We explore the

data scaling for the thin objects (§4.3) and provide an effi-

ciency analysis (§4.4) to better understand the design choices

that enable FoundationDeOcclusionto achieve efficient and

effective de-occlusion.

4.1. 3D Reconstruction
Datasets. Evaluating scene de-occlusion requires ground-

truth geometry for invisible regions, which is available only

in dense scans (while we acknowledge that achieving full

360◦ coverage is still infeasible). To the best of our knowl-

edge, only a few datasets support this setting: the Scan-

Net [10] and SceneNN [21]. These datasets provide dense

ground-truth point clouds, RGB-D image streams, and per-

point instance annotations in both 2D and 3D, enabling pre-

cise evaluation of occlusion-aware scene reconstruction. We

emphasize that only RGB images are used as input to our

method; all additional modalities are used solely for bench-

marking. Similar to COCO-A, we construct SceneNN-A, a

subset comprising roughly one quarter of SceneNN [21], as

a benchmark for studying occlusion-aware geometry recon-

struction.

Evaluation details. We follow standard evaluation pro-

tocols for 3D reconstruction and report three metrics: (1)

Chamfer Distance (CD), and (2) Completeness, the mean

distance from each ground-truth point to its nearest predicted

point. Following prior works [64, 66], we align predictions

to the ground-truth point cloud using the Umeyama [62] and

ICP [3] algorithms.

Experimental details. FoundationDeOcclusion is a plug-

and-play framework that can be seamlessly integrated into

any existing 3D reconstruction pipeline that takes only image

frames as input. We evaluate it on recently released methods

with diverse architectures and input assumptions. To the

best of our knowledge, no 3D scene-level occlusion dataset

currently exists for evaluation (i.e., there is no 3D scene-

level counterpart to COCO-A [88]). We therefore construct

an amodal evaluation set by sampling from the testset of

ScanNet and SceneNN. During testing, we follow [64] and

randomly sample 10 frames per scene.

Results. Quantitative results are reported in Table 1. Foun-

dationDeOcclusion improves reconstructions. The gains

are especially pronounced in occluded region, since the in-

troduced synthetic geometry preserves structural integrity

without degrading overall reconstructions.

Method Chamfer Distance ↓ Completeness ↓
VGGT 0.0475 0.0564

+ Ours 0.0471(+0.9%) 0.0545 (+3.4%)

Depth Anything 3 0.0435 0.0580

+ Ours 0.0427 (+1.8%) 0.0552 (+4.8%)

Table 1. Our FoundationDeOcclusion improves the state-of-the-art

baselines VGGT [64] and Depth Anything 3 [39] evaluated on the

SceneNN-A.

Qualitative examples of occlusion detection and matching
Our occlusion detection and matching aims at identifying

unique 3D instances in the scene and determining whether

they are occluded in each input view. The input of this

module is the original point cloud constructed by a 3D re-

construction model, and the set of input images capturing

the scene. The outputs are unique 3D instances present in

the scene, each corresponding to a group of its 2D masks

labeled with their occlusion status, i.e., masks annotated as

“occluded” indicating they are not fully visible in the cur-

rent view. We provide visualizations of the outputs of this

module in Figs. 4.These examples illustrate how our method

correctly merges instance masks across different views and

accurately detects occlusion.

Qualitative results of 3D reconstruction. Figure 5 shows

qualitative comparisons on indoor benchmarks and in-the-

wild scenes. While baseline methods reliably reconstruct
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Figure 4. Qualitative examples of occlusion detection and match-
ing from a single scene. For each unique 3D instance, we have

grouped its corresponding 2D masks, with occluded ones high-

lighted by a red check mark.

visible surfaces, they consistently fail to recover geometry

in occluded regions—an issue that becomes evident as fore-

ground occluders are progressively removed. In contrast,

FoundationDeOcclusion produces completions that plausi-

bly recover the missing structures while preserving surface

continuity, spatial relationships, and global scene alignment.

These results demonstrate that FoundationDeOcclusion en-

hances both local completeness and global geometric consis-

tency.

4.2. Real-Robot Mobile Manipulation
We evaluate FoundationDeOcclusion on a Stretch mobile ma-

nipulator in a mock apartment lab, focusing on two mobile

manipulation tasks that stress occlusion handling.

Task 1: Table-top pick-up with occlusion. In this task,

the robot must grasp a target (e.g., a bottle) hidden behind a

large occluder (e.g., boxes). A single head-mounted RGB-

D observation and the target’s text label are fed to the de-

Baseline

Figure 5. Qualitative results on indoor and in-the-wild scenes. We

compare reconstructions from baseline and FoundationDeOcclu-

sion. Our method consistently recovers occluded geometry across

diverse inputs, preserving structural integrity while maintaining

alignment within the scene.

Method Avg. SR
Light Occlusion Heavy Occlusion

SR IoU SR IoU

Visual Servoing [7] 20.6 29.7 81.4 11.7 51.4

AnyGrasp [17] 29.7 29.7 81.4 29.7 51.4

AnyGrasp+BrushNet [27] 44.1 47.1 84.2 41.1 56.7

AnyGrasp+Ours 73.5 82.3 96.3 64.7 95.7

Δ +43.8 +52.6 +14.9 +35.0 +44.3

Table 2. FoundationDeOcclusion significantly improves the suc-

cess rate (SR) and affordance IoU of robot manipulation under

varying occlusion levels on the task of Table-top manipulation.

occluder, which returns a fused point cloud in which the tar-

get’s amodal geometry is reconstructed and integrated. We

then invoke AnyGrasp [17] on this completed point cloud to

propose stable grasp poses and execute the highest-scoring

grasp. This pipeline eliminates the need to first plan and

acquire multiple viewpoints for a full reconstruction: the

de-occluder provides integrated surface affordances directly

from partial views. In contrast, baselines such as visual ser-

voing or vanilla AnyGrasp [17] often fail to localize the tar-

get under heavy occlusion or propose grasps on incomplete

geometry, resulting in unstable or suboptimal executions

(see Table 2). Comparisons with other de-occlusion models,

such as Amodal3R [71], are included in the supplementary

material due to hardware and time constraints.

Task 2: Mobile place-down with occlusion. In this task, the

robot starts at a distance while holding an object and must

place it on a tabletop whose free surface is largely occluded

by other items in the initial view. Traditional approaches
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Figure 6. Real-robot table-top pick-up. A target object (e.g., a bottle) is hidden behind a large occluder. From a single RGB-D observation,

FoundationDeOcclusion reconstructs the amodal geometry of the target and produces a completed point cloud. AnyGrasp [17] then proposes
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Figure 7. Real-robot mobile place-down task. The robot must place a held object onto a tabletop whose free surface is largely occluded

by clutter. FoundationDeOcclusion completes the occluded table geometry from a single initial view, enabling the planner to identify

collision-free placement locations behind the occluders without requiring additional exploratory viewpoints.

Method SCT IoU

DynaMem [41] 27.2 43.6

FoundationDeOcclusion 44.4 82.1

Table 3. FoundationDeOcclusion significantly improves perfor-

mance for Mobile place-down. Metrics include success rate

weighted by completion time (SCT), and affordance (IoU).

require navigating close, selecting next-best-views, and ac-

tively exploring around the table to reconstruct sufficient

geometry before estimating place affordances. Our method

instead takes a single RGB-D frame (or a short sequence) at

the outset, performs amodal de-occlusion of the table, and

fuses the result with the observed point cloud; the planner

then selects a collision-free, high-quality placement location

that may lie entirely behind occluders and be absent from

the original input. We report Success weighted by Comple-

tion Time (SCT), and affordance metric (IoU), and observe

that FoundationDeOcclusion delivers substantial gains in

SCT and IoU, indicating more efficient decision making and

fewer exploratory detours (see Table 3).

4.3. Data Scaling for Thin Objects

We investigate how scaling the training data impacts de-

occlusion performance, particularly for challenging object

categories with complex geometry.

Experimental Setup. We compare two models: (1) the

original FoundationDeOcclusion model, and (2) a Founda-

tionDeOcclusion model finetuned on a curated dataset of

32K samples. This finetuning dataset consists of 16K sam-

ples from the original Pix2Gestalt dataset and 16K synthetic

samples rendered via Blender, featuring 3D chairs as oc-

cludees and various other 3D assets as occluders.

Results on COCO-A. As shown in Table 4, the finetuned

model demonstrates consistent performance gains across the

COCO-A benchmark, with particularly significant improve-

ments in the chair category. The overall mIoU improves from

81.2% to 83.6%, while the chair-specific mIoU increases

from 68.9% to 74.4%—a gain of 5.5% points.

Evaluation on Challenging Chair-Legs Scenarios. We

observed that most chair samples in the COCO-A subset

exhibit relatively low occlusion rates, failing to represent

the complexity of real-world scenarios where chair legs are

frequently hidden behind foreground objects. To rigorously

evaluate model robustness, we curated a more challenging
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Model
Avg. Chair Chair-Legs

mIoU ↑ Δ mIoU ↑ Δ mIoU ↑ Δ

Our base model 81.2 – 68.9 – 58.3 –

+16K samples 83.6 +2.4 74.4 +5.5 62.2 +4.0

Table 4. Effect of data scaling on de-occlusion performance.
We compare our proposed FoundationDeOcclusion base model

(L-DoT) with a version finetuned on 32K curated samples (16K

from Pix2Gestalt + 16K synthetic). The finetuned model shows

consistent improvements, especially on chair categories with com-

plex leg geometry.

synthetic test set specifically focused on chair-leg comple-

tion. We collected 45 high-quality 3D chair assets and ren-

dered them in Blender. To ensure benchmark difficulty, we

filtered the synthetic data with a strict constraint: the bot-

tom 40% of the occludee must have at least a 30% occlu-

sion ratio. On this challenging subset, the baseline model

achieves 58.3% mIoU, while the finetuned model reaches

62.2% mIoU—an improvement of 3.9 percentage points.

These results demonstrate that targeted data augmentation

with synthetic occlusion scenarios effectively improves de-

occlusion performance on geometrically complex objects.

4.4. Efficiency Comparison

Figure 8. Efficiency (mIoU vs. FPS) of FoundationDeOcclusion’s

L-DoT and Pix2Gestalt [48] under varying denoising steps.

We evaluate the accuracy-efficiency trade-off of L-DoT

on the Amodal COCO (COCO-A [88]) dataset, following the

protocol of pix2gestalt [48]. As shown in Figure 8, reducing

the number of denoising steps from 50 to 4 leaves mIoU

virtually unchanged (0.81 mIoU) while increasing through-

put from 1.23 to 6.11 fps. Compared to pix2gestalt, L-DoT

achieves higher mIoU with substantially higher throughput,

highlighting the advantage of our linear DoT design.

While performance comparisons with image-to-3D-mesh

methods [71] are not directly comparable, their efficiency

remains comparable. Figure 1 further reports efficiency of

system (reconstruction+generation): our FoundationDeOc-

clusion pipeline processes 0.62 objects per second, nearly

twice as fast as Amodal3R [71] at 0.32 objects, and signifi-

cantly faster than TRELLIS [72] at 0.24 objects per second.

Implementation details. All experiments are conducted on

a single H100 GPU. The robot communicates with Foun-

dationDeOcclusion through a high-speed intranet API. The

proposed L-DoT is built on the lite DiT [75] with 590M

parameters trained with rectified flow, and more hyperparam-

eters for training are detailed in supplementary.

5. Conclusion

We presented FoundationDeOcclusion, a fast generative

framework that restores hidden geometry to improve scene-

level 3D reconstruction. Central to our design is the

geometry-aware linear De-Occlusion Transformer, which

enables rapid and spatially consistent occlusion recovery.

By consistently improving state-of-the-art 3D reconstruction

and increasing AnyGrasp’s real-robot success rate by 43.8%,

FoundationDeOcclusion shows that efficient and effective

generation can significantly strengthen reconstruction and

robotic perception. These results highlight a practical path

toward more complete 3D understanding and demonstrate

the real-world potential of generative vision in robotics.

Limitations

Our method has several limitations. First, non-convex ob-

jects such as chairs with hollow backs or tables with open

frames can produce fragmented masks with inconsistent

centroids across views, leading to unreliable instance as-

sociation. Integrating richer geometric priors or learned

cross-view matching may help address this. Second, real-

robot performance degrades under nighttime lighting, re-

flecting a daytime bias in the training data that could be

mitigated by diversifying the training distribution. Third, the

community currently lacks a dedicated 3D reconstruction

benchmark for occlusion-aware evaluation—to the best of

our knowledge upon submission, there is no 3D counterpart

to COCO-A [88] that provides dense ground-truth geometry

for occluded regions at scale. This limits systematic and

standardized assessment of scene-level de-occlusion meth-

ods. In this work, we therefore focus on empirical findings

and real-robot experiments to validate the practical impact of

occlusion recovery, and we hope our efforts motivate future

benchmark development in this direction.
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