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Figure 1. Examples of our open-world amodal completion using both specific (e.g., “polar bear”) and abstract (e.g., “What is the mammal in
this image”) text queries. Our approach supports various applications, including image editing, novel view synthesis and 3D reconstruction.

Abstract

Understanding and reconstructing occluded objects is a
challenging problem, especially in open-world scenarios
where categories and contexts are diverse and unpre-
dictable. Traditional methods, however, are typically re-
stricted to closed sets of object categories, limiting their use
in complex, open-world scenes. We introduce Open-World
Amodal Appearance Completion, a training-free framework
that expands amodal completion capabilities by accept-
ing flexible text queries as input. Our approach gener-
alizes to arbitrary objects specified by both direct terms
and abstract queries. We term this capability reason-
ing amodal completion, where the system reconstructs the
full appearance of the queried object based on the pro-
vided image and language query. Our framework uni-
fies segmentation, occlusion analysis, and inpainting to
handle complex occlusions and generates completed ob-
jects as RGBA elements, enabling seamless integration into
applications such as 3D reconstruction and image edit-
ing. Extensive evaluations demonstrate the effectiveness of
our approach in generalizing to novel objects and occlu-
sions, establishing a new benchmark for amodal comple-
tion in open-world settings. Code and datasets available:
https://github.com/saraao/amodal.
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1. Introduction

Imagine taking a photograph where part of a landmark is
hidden behind trees, or watching a video where an interest-
ing object is partly occluded by other objects in the frame.
What if you could automatically reconstruct the hidden
parts of these objects to use them in photo editing, aug-
mented reality (AR), or even 3D modelling? This capa-
bility, known as amodal completion [12], allows systems
to infer and generate the occluded parts of objects, provid-
ing users with full representations of partially visible items.
Amodal appearance completion is critical in applications
such as AR [8, 19, 25], 3D reconstruction [17, 37], and con-
tent creation [2, 31, 39], where intuitive, language-based in-
teraction allows users to specify objects directly [3, 9, 22].
Traditional amodal appearance completion methods, how-
ever, are typically constrained by fixed sets of object cat-
egories [35], or necessitating extensive training and lim-
iting their applicability in diverse and changing environ-
ments [23]. The real world presents a more complex chal-
lenge: completing occluded objects that can belong to any
categories and exhibit diverse, unseen visual features.

To address the gap, we propose Open-World Amodal
Appearance Completion, a framework that generalizes
amodal completion to arbitrary objects specified by flex-
ible natural language queries—a task we term reasoning



amodal completion. Our framework supports text-based
queries, allowing users to specify target object through both
concrete terms and more abstract, context-dependent de-
scriptions, as shown in Fig. 1. This flexibility introduces
new possibilities for reasoning-driven amodal completion,
where the model can infer and complete occluded objects
based on the query alone, without predefined object cate-
gories or additional training.

Our approach is designed to be training-free, utiliz-
ing the extensive knowledge embedded within large, pre-
trained models to deliver realistic amodal completion with-
out requiring further data or retraining. By leveraging com-
plementary capabilities across multiple models, our frame-
work integrates segmentation, occlusion analysis, and pro-
gressive inpainting into a unified pipeline. Specifically, seg-
mentation isolates the target object based on the text query,
occlusion analysis identifies and resolves occluders, and in-
painting reconstructs the occluded portions of the specified
object with high fidelity.

The framework produces completed objects as RGBA el-
ements, which are immediately ready for integration into
downstream applications such as 3D scene reconstruction,
AR, and image editing. By enabling intuitive, free-form text
input and bypassing the need for retraining, we expand the
application scope of amodal completion to complex, real-
world scenarios where conventional closed-set methods fail.

Our primary contributions are as follows:

Open-World Framework for Amodal Completion: We
propose a training-free framework capable of completing
arbitrary objects specified by natural language queries,
advancing amodal appearance completion beyond tradi-
tional, closed-set approaches.

Reasoning Amodal Completion: We introduce a
reasoning-driven method that allows users to specify ob-
jects through both specific terms and abstract queries, en-
hancing amodal completion for intuitive human-computer
interaction in real-world scenarios.

Adaptable Output for Enhanced Integration: Our frame-
work outputs completed objects as RGBA elements, fa-
cilitating seamless use in AR, novel view synthesis, 3D
reconstruction, and image editing.

Through extensive evaluations, including a newly col-
lected evaluation dataset and human preference studies,
we demonstrate that our framework effectively generalizes
to diverse objects and complex occlusions in real-world
scenes. Our approach surpasses existing methods in both
quantitative and user-centered metrics, establishing a new
benchmark for open-world amodal appearance completion.

2. Related Work

Amodal Appearance Completion and Open-World
Adaptability. Amodal completion aims to reconstruct oc-
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cluded regions of objects to improve scene understand-
ing [1]. Traditional approaches, however, are often lim-
ited to specific, predefined categories and require extensive
training data. Category-specific models for humans [40,
43], vehicles [19, 36], food items [24] and indoor scene
models [4, 5, 42] can effectively reconstruct occlusions
within narrow classes but lack generalization to open-world
settings.

Efforts to broaden amodal appearance completion in-
clude methods like Pix2gestalt [23], which synthesizes oc-
cluded appearances across various objects by training on
large synthetic datasets. Other synthetic data-driven meth-
ods like CSDNet [42] and PACO [21] have been pro-
posed to handle complex scenes but may face challenges in
adapting from synthetic to real-world environments. Self-
supervised methods, such as PCNet [38], reduce data de-
pendency but still require visible masks for all objects in
the image, making them vulnerable to segmentation errors.
PD-MC (Progressive Diffusion with Mixed Context diffu-
sion sampling) [35] partially leverages pre-trained models
for broader generalization but remains constrained by its re-
liance on predefined categories.

Therefore, we need a robust framework that can handle
arbitrary objects in the open world without relying on spe-
cific categories or extensive data annotations.

Reasoning-Driven and Adaptable Amodal Comple-
tion. Recent vision-language models (VLM) allow users
to specify objects contextually, enriching human-computer
interaction in vision tasks. General-purpose models like
CogVLM [33] and VisionLLM [32] perform well in ob-
jectrecognition and language-guided tasks but struggle with
reasoning about occlusions. LISA [15] offers improved rea-
soning for identifying visible objects through language in-
put, yet it falls short when dealing with occluded regions.
However, amodal completion requires reasoning beyond
the visible to reconstruct these occlusions, providing a full
representation of objects that benefits various applications.
Increasingly, RGBA output formats are seen as vital for
downstream applications, as they support flexible blending
and realistic compositing [39]. Datasets like MULAN [31]
underscore the importance of RGBA instances in amodal
tasks. Altogether, there is a clear need for reasoning-driven
amodal completion that adapts dynamically across open-
world objects while producing adaptable RGBA outputs.

To address the limitations of existing approaches, our
framework introduces a training-free method for open-
world amodal appearance completion, accommodating flex-
ible, language-guided queries to identify and complete ar-
bitrary objects. By integrating RGBA outputs, our method
ensures adaptable representations that enhance its applica-
bility across diverse downstream tasks.
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Figure 2. Overview of our framework. Starting with a text query, a VLM generates a visible mask to locate the target object in the input
image. The framework then identifies all objects and background segments for occlusion analysis. An auto-generated prompt guides the
inpainting model, which iteratively reconstructs the occluded object to produce a transparent RGBA amodal completion output.

3. Methodology

We introduce a novel reasoning-driven approach for recon-
structing occluded objects across diverse, unrestricted cat-
egories. By leveraging the flexibility of natural language,
users can specify target object through both concrete terms
and abstract descriptions, allowing amodal completion that
generalizes beyond the constraints of closed-set methods.
This adaptability is achieved without additional training, al-
lowing it to effectively handle open-world scenes and un-
known objects. Fig. 2 presents an overview of our end-to-
end inference pipeline, illustrating how flexible text-based
input is processed to yield high-quality, transparent RGBA
outputs. Our approach isolates the completed object as a
layerable element, enabling straightforward integration in
compositional applications.

In Section 3.1, we describe how the natural language
query is processed to generate precise visible segmenta-
tion object mask. Section 3.2 details our occlusion analysis
strategy, which entails identifying and masking occluders
that occlude the target object. In Section 3.3, we present
a heuristic method for selecting the inpainting text prompt,
enabling targeted reconstruction of occluded regions based
on the visible part of object. Section 3.4 outlines the iter-
ative inpainting approach that progressively completes the
occluded object and produces an RGBA output (an RGB
image with an alpha mask).

Definitions. Let I € R7*W*3 represent the input im-
age of height H and width W, with @) as a natural lan-
guage query that specifies the target object in the scene.
The query Q may explicitly name the object (e.g., “polar
bear”) or describe it in context (e.g., “the animal in this im-
age”). The output of the framework is an amodal comple-
tion C € REXWXx4 an RGBA representation where the
first three channels represent RGB color values, and the
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fourth channel (alpha) encodes transparency for adaptable
layering in downstream applications. The amodal com-
pletion process includes generating an initial visible mask
Myisivle € {0, 1}>W identifying the occluder mask Moce,
and iteratively updating these masks to achieve a fully re-
constructed representation of the target object with back-
ground transparency.

3.1. Text Query Interpretation and Image Segmen-
tation

One primary challenge in amodal completion is accurately
isolating the target object in diverse, complex scenes, es-
pecially when the object is described in natural language.
However, robust amodal completion also requires a com-
prehensive segmentation of all visible elements within the
image, as any other object could potentially act as an oc-
cluder.

Given an input image I € R”*Wx3 and a natural lan-
guage query () describing the target object, we first generate
an initial mask M,igpie € {0, l}H *W that identifies the vis-
ible regions of I corresponding to the target object. This
mask is derived from a pre-trained language-grounded vi-
sion model [15] that aligns () with spatial areas relevant to
the query, allowing the system to handle both specific and
abstract descriptions. This initial mask Mg provides a
foundation for understanding occlusion relationships with
other elements in the scene.

Context-Aware Object Segmentation. While M,;gpie
offers an initial visible boundary for the target object, it
is crucial to identify other objects and background areas
within the image, as these may act as occluders. We employ
the automatic image annotation system proposed in [27]
to automatically identify all nameable objects in the im-
age. The system first extracts a set of contextual tags
T = {t1,ts,...,t,} from the image with a pre-trained



open-set image tagging model [11], where each tag ¢; de-
notes a class label for a recognizable visual feature in 1
(e.g., “cat,” “plate,” or “bus”). Using T" and I as inputs, the
system leverage a pre-trained open-set object detector [20]
combine with the Segment Anything model [13] to generate
a set of segmentation masks S = {S7,Ss, ..., Sy}, where
each mask S; represents a visible objects within /. This
context-aware segmentation framework enables the pipeline
to delineate each visible object, including the target, with
well-defined boundaries, ensuring all potential occluders
are identified and isolated.

Handling Background Regions and Unknown Ob-
jects. In addition to identifiable objects, many scenes
contain visually ambiguous or hard-to-describe areas, such
as background elements, blurry or unidentifiable objects,
clutter, and textures. Traditional segmentation methods
may overlook these regions because they aren’t associ-
ated with object category labels, but these unlabelled (or
“background”-labelled) regions can be occluders of a target
object. Our approach handles these areas through an seg-
mentation process which divides these “missing” areas into
distinct segments without relying solely on object-category-
driven segmentation.

After generating S, we identify unsegmented areas
within 7, defined as B C I, which consists of ambigu-
ous background elements or hard-to-describe areas that may
still interact with the target object through occlusion. These
unsegmented regions pose a problem for occlusion analysis
because they may be large and contain multiple objects or
surfaces, only some of which may occlude the target object.
To process these areas, we apply a sequence of morphologi-
cal operations that refine and partition B into a collection of
background segments. Specifically, we first generate a bi-
nary mask from B, where unsegmented pixels are assigned
a value of 1 and all other pixels a value of 0. This binary
mask is then eroded using a structured element to sharpen
boundaries and separate loosely connected areas, prevent-
ing overlap with object segments in S. Following erosion,
we apply dilation to the refined areas, which helps to re-
expand and consolidate adjacent regions into distinct con-
nected components, resulting in a set of background seg-
ments B = {By, Bs, ..., By}, where:

m
B; =Morph(I — | J i), Vje{l2....k}
i=1

ey

Here, Morph denotes the combined effect of the morpholog-
ical operations applied to partition ambiguous regions into
isolated segments.

This process allows our method of consider a wider
range of occlusion conditions, such as target objects oc-
cluded by background (e.g., buildings partially hidden by
undergrowth) and cases where the occluding objects are
blurry, ambiguous, or difficult to recognize.
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3.2. Occlusion Analysis

To reconstruct the missing parts of the target object, it is es-
sential to identify where the object is occluded — these oc-
cluded areas are where completion is required. Our method
generates an occluder mask for the target object that high-
lights the occluded areas. This mask is used to guide the
inpainting process.

Given an input image I € R¥*W >3 the set of object
masks S = {S51,953,...,5,} and the set of background
segments B = {Bjy, Bs,..., By}, we define an occluder
mask My € {0,1}7*W that aggregates all segments
which occlude the target object.

Occluder Identification through Spatial Analysis.
The occluder mask M, is derived by first evaluating
the spatial relationships between the target’s visible mask
M,isive and the set of segmented regions in S U B, where
each segment potentially overlaps or interacts with the tar-
get. Our framework employs InstaOrderNet [16], a pre-
trained model for occlusion orderings that takes pairwise
segmentation masks and an image patch as input to deter-
mine the occlusion order between segment pairs, without
requiring class labels. This approach enables identification
of which segments within S U B occlude the target object.

For each segment S; or Bj in the scene, InstaOrderNet
computes a binary occlusion indicator, assigning a value of
occ = 1 if the segment occludes the target and O otherwise.
The occluder mask M. is thus initialized as the union of all
occluding segments in S and B identified by InstaOrderNet,
formally expressed as:

m k

Me= |J siu U B 2)
i=1 j=1
oce; =1 occ;=1

where U denotes pixel-wise union.

Boundary-Aware Occlusion. Scenes often present
cases where the target object touches the image bound-
ary, in which case amodal completion requires image ex-
pansion [35]. Thus we apply an adaptive refinement strat-
egy that expands M. along the target’s boundary regions,
guided by iterative boundary adjustments.

The process begins by checking for boundary contacts
in Myisiple, Where the mask contacts any edge of I. For
boundary-touching regions, we apply a dilation operation
to the occluder mask, increasing its coverage along the con-
tacted edges. Let E' C {top, bottom, left, right} denote the
set of edges contacted by M,sipie, and let d represent a struc-
tured dilation operation. We update M. as follows:

U edg%) 3)

eckE
where edge, refers to the pixels along the boundary edge
e of the image, and N denotes pixel-wise intersection.

Mocc — Mocc U (d(Mvisible) N



This expansion is applied iteratively, refining the occluder
mask’s coverage until the mask stabilizes or the set of edges
F is fully dilated to ensure coverage for the amodal comple-
tion process.

3.3. Prompt and Image Refinement for Inpainting

Because our system is designed to handle a wide range of
natural language queries (e.g., “the animal in this image”)
we cannot assume that the query alone will be sufficient to
guide the inpainting step. We therefore combine the query
with the image context to refine the inpainting prompt.

Given an input image I € RH*W>3_ vigible mask
Misivle, and a natural language query (), we aim to pro-
duce an optimal inpainting prompt P that effectively guides
the reconstruction process. Using a CLIP-based similar-
ity comparison [26], we match the visible target object in
Tiarger = I © Myisiple (Where © denotes element-wise mul-
tiplication) with candidate descriptors from the image tags
T U Q, selecting the descriptor that best matches the visible
attributes of the target object. This similarity S(¢;) for each
candidate t; € T'U @ is computed as:

P =arg max CLIP(urget, ;)

t; €TU{Q}

“4)

where CLIP extracts features for visual-text alignment.

To further isolate the target, regions outside M,igiple in
Tiarger are swapped with a clean background Ipygq, inspired
by the background isolation approach in [35]. This prevents
irrelevant areas from influencing the prompt. Our back-
ground swapping step ensures the prompt P focuses solely
on the target object, improving inpainting precision. The
prompt P is then used as a conditioning input for the in-
painting model.

3.4. Iterative Inpainting and Amodal Completion

To achieve realistic amodal completion, our framework per-
forms iterative masked inpainting to reconstruct occluded
parts of the target object, terminating based on the occluder
mask stability or a set iteration limit. After inpainting com-
pletes, a final seamless blending step merges the original
visible regions with the reconstructed occluded parts, en-
suring alignment with the original image and producing
a transparent RGBA output that excludes unrelated back-
ground or extraneous elements.

Given an input image I € RH*W>3_ visible mask
Misible, occluder mask M., and inpainting prompt P, the
reconstruction process begins by isolating the target object
from the surrounding scene. We initialize an inpainting tar-
get Liarger as follows:

Larger = 1 © Myigipte + (1 — Miigible) © Tpkga ~ (5)

where Igq represents a clean background (similar to the
natural, context-free background in [35]), ensuring that only
the target object remains visible for inpainting.
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70

The iterative process begins by setting I, ..,

where Ii(rfp)aim denotes the inpainting result at iteration ¢. At
each step t, a pre-trained inpainting model [28] ¢ fills oc-

in I . based on P and the updated oc-

inpaint

= I targets

cluded regions

cluder mask M§§2

Ii(ntptiiz = ¢(Ii(ntp)aim’ M), P) (6)
In each iteration, the occluder mask Méﬁj D is re-

fined to include newly inpainted regions, while an updated
amodal segmentation mask M,noq4. 1S computed to accu-
rately bound the target object. M,moda 1S computed itera-
tively as:

(t+1) _ 5 r(t) (t+1)
Mamodal - Mamodal U ]\4reconstructed7
) B (t+1) .
where M, .. is initialized as Muyisiple: M ooneructed 15 the

mask for newly reconstructed regions, extracted from the
(t+1) . . .

Iinpaim. This iterative refinement contin-
(T)

Iinpaint’

inpainting output

ues until reaching the final inpainted output follow-
ing the approach in [35].

Adaptive Termination for Efficiency. To ensure com-
putational efficiency, we apply an adaptive termination cri-
terion based on occluder mask stability. If the pixel-wise
difference between consecutive occluder masks,

AME) = | MEY = Mz,

occ

)

falls below a threshold e or the inpainting process reaches a
maximum number of iterations 7', the iteration stops, yield-
ing the final inpainted result Ii(nzgim.

Blending for Seamless Integration. Once inpainting is
complete, a final alpha blending step is applied to achieve a
smooth transition between newly reconstructed and original
visible region of the object. This blending operates from the
interior toward a “transition region” of a predefined width
along the boundary of the visible region. Specifically, the
center of the original visible region maintains an alpha value
of 1, and areas outside the visible region are set to 0. Within
the transition region, alpha values gradually decrease from
1 to 0. The blended image Ipjeng is defined as:
1D (1= My) - Lyig.

inpaint

Iblend = Ma . (8)

RGBA Output for Versatile Use. The final output is an
RGBA image C' € R7*Wx4  yith the first three channels
corresponding to the RGB values of Ipeng and the fourth
channel M,noq4a representing the binary amodal segmenta-
tion mask.

4. Experiments
4.1. Datasets Collection

Existing datasets for amodal appearance completion of-
ten have limitations, either due to constraints on a limited
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Figure 3. Distribution of the top 50 most frequent categories in the our evaluation dataset.

Source VG COCO-A Free Image Laion ‘ Total
#Img 1234 751 228 166 | 2379
# Instances 1294 845 249 177 | 2565
# Classes 269 256 147 97 553
#Img w/ 1 occludee 1184 663 211 156 | 2214
#Img w/ 1+ occludees 50 88 17 10 165

Table 1. Composition of the evaluation dataset. The broad variety
of classes across different sources presents a challenge for open-
world amodal appearance completion.

set of object categories or reliance on synthetic occlusion
data [5, 6, 10, 18, 31, 44], which fall short of capturing the
complexity of real-world scenarios. To provide a compre-
hensive evaluation for the open-world amodal appearance
completion challenge, we gathered a diverse dataset with
natural occlusions and a broad range of object categories
across varied scenes.

Our evaluation dataset draws from four sources: COCO-
A [44], Visual Genome (VG) [14], LAION [29], and
copyright-free images from publicly accessible websites.
Each source brings unique strengths to our evaluation
dataset. COCO-A and VG provide natural scenes contain-
ing occluded objects real-world environments. Given that
COCO-A was initially designed for semantic segmentation,
not all images feature object-specific occlusions. Thus, we
applied a filtering process to COCO-A, retaining only those
images in which objects are occluded by other objects.'.
The addition of LAION and free-image sources introduces
the diversity of internet-sourced images, covering a wide
range of settings, lighting, and complex occlusion types
characteristic of unconstrained environments.

The resulting dataset consists of 2379 images spanning
553 distinct target object classes (see Tab. 1). Three hu-
man annotators collected images containing occluded ob-
jects and provided a class label for each occluded object.
Fig. 3 presents the top 50 most frequent occluded object cat-

I'Since the COCO-A dataset was originally developed for semantic
segmentation, it focuses on semantic-level occlusions—such as occluded
background elements—rather than solely object-level occlusions. Conse-
quently, not all images contain relevant object occlusions; we removed
these from our COCO-A selection. Details of the selection process are
provided in the appendix.
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egories, illustrating the distribution across classes. This di-
versity ensures that methods can be evaluated across a wide
range of object categories and occlusion scenarios, resulting
in a challenging testbed for open-world amodal appearance
completion.

4.2. Implementation and Evaluation Metrics

Implementation Details. Our framework leverages pub-
licly available models without additional training or
fine-tuning to deliver high-quality amodal completions.
The main models utilized include the Stable Diffusion
v2 inpainting model [28] and the LISA-13B-llama2-v1
model [15], both publicly available.

All experiments were conducted on an NVIDIA A100
GPU. To ensure a fair comparison, we provide all meth-
ods with the same visible part of the occluded object as
input, as other methods do not support text-based queries.
For comparison methods, we ran inference using their pub-
licly available pre-trained models with default settings. Our
framework’s design maintains computational efficiency by
limiting the inpainting process to a maximum of three iter-
ations per object; further details on our configurations are
provided in the appendix.

Evaluation metrics. Evaluating amodal completion on
natural images with real-world occlusions presents unique
challenges, as the ground-truth appearance of occluded re-
gions is inherently unavailable. Thus, we use a combination
of human evaluation and quantitative metrics. We center our
evaluation on human assessment, which is critical for judg-
ing the subjective quality of amodal completion outputs.

We use CLIP score [26] to measure how well the amodal
completions align with the class labels. Specifically, we
compare the amodal completion of each object with the
ground-truth class label associated with the object.

We also include appearance quantitative metrics. As
only the visible parts of each object are available, these met-
rics offer a rough reference of completion quality. We com-
pute LPIPS [41] for visual consistency, VGG16 feature sim-
ilarity [7] for semantic consistency, SSIM and PSNR [34]
for structural consistency—all by comparing the visible part
of the object with the completed version.
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Figure 4. Visual comparisons of amodal completions across different methods: Ours consistently outperforms others in terms of realism,
handling complex occlusions, and producing plausible completions. Top to bottom: examples from VG, COCO-A, Free Image, LAION.

Dataset/ Free

VG COCO-A LAION  Overall

Method Image
PDw/oMC' 16.62% 1538% 1580% 11.49% 15.78%
PD-MC * 1551%  1420% 12.99% 9.42% 14.41%
Pix2gestalt ~ 26.56%  31.24%  21.29% 31.83% 27.95%
Ours 41.32% 39.17% 4993% 47.27% 41.86%

Table 2. Human preference study across four different sources.
The table shows the percentage of participants who preferred each
method’s amodal completion results. © Methods that explicitly em-
ploy outpainting.

4.3. Comparisons with Other Methods

Since amodal completion is inherently subjective, human
evaluation serves as a reliable measure of realism and com-
pletion quality. We conducted a preference study on Prolific
crowdsourcing platform” with 180 participants, comparing
our method to Pix2gestalt [23], PD-MC [35], and a base-
line PD w/o MC (PD-MC without Mixed Context Diffu-
sion). Participants were presented with the original image
and four completed versions, each randomized to avoid po-
sitional bias. They were instructed to choose the comple-
tion that appeared most realistic, considering both visible
and occluded regions. To ensure data reliability, “gold stan-
dard” questions with straightforward choices were included,
and only participants who passed 75% of these checks were
retained in the final analysis.

Our method achieved the highest overall preference in
the evaluation dataset, as shown in Tab. 2. Across all four

zhttps://www.prolific.com/
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Figure 5. Model preference of human evaluators by agreement
levels. X-axis shows the number of images. 3/3 denotes full agree-
ment among three evaluators per image, 1/3 indicates no consen-
sus. “Ours” shows the strongest consensus on completion quality.

sources, our approach consistently ranked first, demonstrat-
ing robustness in handling diverse occlusions across open-
world scenarios. The agreement levels among participants
further highlight our performance. As illustrated in Fig. 5,
in cases where all three participants agreed on a single pre-
ferred completion (3/3), our method was selected 57% of
the time, followed by Pix2gestalt at 28%, showing the per-
ceptual quality and realism of our results. Even in cases of
partial consensus (2/3) or no majority (1/3), our approach
still retained a lead, indicating a consistent preference even
when there was divergence in evaluator opinion.

Fig. 4 shows visual comparisons of our method with
others on challenging mutual occlusions across open-world
scenarios. In the dog and horse images, which involve ex-
tensive outpainting, only our approach reconstructs the full
body accurately. Similarly, in the book and Oscar statuette
examples, ours achieves coherent and realistic completions,
preserving structural details that other methods miss. This
highlights our method’s strength in handling complex ob-



Class Visual Semantic Structural
Relevance Consistency Consistency  Consistency
Dataset  Method  1CLIP | LPIPS 1 el oot + PSNR
Similarity

PD w/o MC  28.254 0.586 0.406 0.459  7.855

VG PD-MC 28.367 0.578 0.413 0.463  7.986
Pix2gestalt ~ 27.672 0.429 0.554 0.726  11.318

Ours 28.470 0.310 0.658 0.732  13.075

PD w/o MC  27.426 0.673 0.318 0.381  6.246

PD-MC 27.383 0.664 0.328 0.382 6.39%4

coco-A Pix2gestalt  26.998 0.471 0.524 0.695 10.601
Ours 27.612 0.351 0.609 0.718 12.184

PD w/o MC  28.190 0.730 0.268 0305  5.128

Free PD-MC 28.333 0.720 0.279 0.309  5.303
Images Pix2gestalt 27.621 0.393 0.613 0732 12.356
Ours 28.652 0.269 0.698 0.753 13.720

PD w/o MC  27.479 0.695 0.295 0.354  6.230

LAION PD-MC 27.573 0.692 0.299 0.346  6.245
Pix2gestalt ~ 27.260 0.467 0.527 0.691 11.258

Ours 28.123 0.319 0.657 0.751 13.602

PD w/o MC  27.922 0.636 0.356 0411  6.948

Overall PD-MC 27.984 0.628 0.364 0.413  7.081
Pix2gestalt ~ 27.417 0.442 0.548 0.714  11.178

Ours 28.181 0.320 0.646 0.731 12.880

Table 3. Quantitative comparisons across datasets. Our method
consistently outperforms other approaches across all evaluated
metrics, indicating superior visual and perceptual fidelity in open-
world amodal appearance completion.

jects and challenging occlusions with superior realism.

Quantitative Metrics. We assessed completion quality
using quantitative metrics: CLIP score for class relevance,
and LPIPS, VGG16 feature similarity, and SSIM for appear-
ance quality. As shown in the Tab. 3, our method achieved
the highest CLIP score, aligning well with ground-truth ob-
ject categories and showcasing strong relevance. In appear-
ance metrics, our method also outperformed others, indi-
cating superior visual, semantic and structural consistency.
Failure cases where no amodal completion is generated re-
sult in LPIPS of 1 and feature similarity/SSIM of 0. While
these appearance quantitative metrics provide insight, they
are provided for reference only, as the amodal appearance
ground-truth is not available.

4.4. Ablation Studies

Inpainting Prompt Variants. We tested three prompt con-
figurations: (1) @ (text query only), (2) 1" (auto-generated
tags only), and (3) 7' U ) (combined tags and query). As
shown in Tab. 4, the improvement in all appearance quan-
titative metrics for T U (Q indicates its effectiveness in vi-
sual, semantic and structural consistency. In our evaluation
dataset, ) prompt achieves the highest CLIP score, because
it directly aligns with ground-truth target object class labels.
However, in practical scenarios, () may consist of abstract
or context-dependent queries rather than specific class la-
bels, making the combined 7" U () approach more effective
by incorporating both object-specific and contextual details.

Background Segments Effectiveness. Background seg-
ments (see Sec. 3.1) contribute greatly to improving amodal
completion in open-world contexts by handling occlusions
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Ablation Class Vi§ual Semantic Struf:tural
Relevance Consistency Consistency Consistency
Inpainting Background Feature

lfromptg Segrgnents TCLIP | LPIPS STimila.rity TSSIM

Q v 28.563 0.327 0.633 0.724

T v 28.043 0.324 0.636 0.725
TUQ X 28.071 0.333 0.620 0.713
TUQ v 28.181 0.320 0.646 0.731

Table 4. Ablation study results on the full evaluation dataset for
prompt variants and background segmentation effects across class
relevance and appearance quantitative metrics.

w/o Background Segments

Figure 6. Amodal completion results from our method, with and
without considering background segments as potential occluders.

with Background Segments

and ambiguous backgrounds more effectively. As shown
in Fig. 6, including background segments in the occlusion
reasoning step makes it possible to capture the occlusion
relationships between a query object and ambiguous back-
ground elements like foliage and ground, making scene un-
derstanding more comprehensive. This is particularly effec-
tive in the open-world setting, where occlusions are more
diverse and complex.

5. Conclusion

We presented a novel framework for open-world amodal
appearance completion that reconstructs occluded objects
across diverse categories without additional training. Our
approach outperforms existing methods in user preference
and objective quality metrics over an evaluation dataset of
complex object occlusion cases, collected from four differ-
ent data sources. This amodal completion framework read-
ily supports applications like image editing, novel view syn-
thesis, and 3D reconstruction [30, 31, 39], making it versa-
tile for real-world use.

Limitations. Our reliance on pre-trained image gener-
ation models can occasionally introduce artifacts, such as
mismatched poses in animal completions (e.g., generating
a standing dog when it should be sitting based on the con-
text; see appendix for more failure examples). However, our
modular design allows for easy updates as better pre-trained
models become available. Future work could improve in-
painting accuracy and develop new evaluation metrics for
scenarios where ground-truth amodal data is unavailable.
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