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Abstract

Amodal segmentation is an image-based algorithm that aims
to predict masks for both visible and occluded parts of ob-
jects. Existing methods typically rely on supervised learning
with annotated amodal masks or synthetic data. The effec-
tiveness of these methods relies heavily on the quality of the
datasets. This dependence can unintentionally restrict their
generalization capabilities due to insufficient diversity and
size. Although existing zero-shot methods perform well on
their reported datasets, their performance does not necessar-
ily transfer to other datasets. We propose a tuning-free ap-
proach that re-purposes diffusion-based inpainting founda-
tion models for amodal segmentation. Our approach is mo-
tivated by the “occlusion-free bias” of inpainting models, i.e.,
the inpainted objects tend to be complete and without occlu-
sions. We reconstruct the occluded regions of an object via
inpainting and then apply segmentation, all without addi-
tional training or fine-tuning. Experiments on five datasets,
three previously unreported, demonstrate the generalizabil-
ity of our approach. On average, our approach achieves 5.3%
more accurate masks in mloU compared to the publicly avail-
able state-of-the-art, pix2gestalt.

1 Introduction

Amodal segmentation refers to predicting segmentation
masks even under occlusions (Li and Malik 2016). This
challenging task involves reasoning about the unseen por-
tion of an object under complex occlusion and illumination
scenarios. It is an important problem with potential applica-
tions in autonomous driving and robot planning, which re-
quire reasoning beyond what is directly observed to predict
possible future events in the environment (Yang et al. 2019;
Geiger, Lenz, and Urtasun 2012; Dang et al. 2019).
Following the success of deep segmentation meth-
ods (Kirillov et al. 2023; Caron et al. 2021; Long, Shel-
hamer, and Darrell 2015; Ronneberger, Fischer, and Brox
2015), amodal segmentation is often formulated as a su-
pervised learning task, i.e., a dataset of (image, amodal
mask) pairs is collected to train a model. However, prepar-
ing a large dataset for amodal segmentation is challeng-
ing, as annotating amodal masks requires reasoning over
occluded regions, which may be difficult and inconsistent
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Inpainted samples

Figure 1:
model. We observe that an inpainted object is always placed
without occlusions inside the inpainting area (blue box),
e.g., a tree could have been inpainted behind the fence.

Occlusion-free bias for a diffusion inpainting

among human annotators. Furthermore, scaling the diver-
sity of the dataset requires numerous combinations of oc-
cluders and objects. Inevitably, several amodal segmentation
methods turns to synthetically generating occlusions (Xiao
et al. 2021; Follmann et al. 2019; Ozguroglu et al. 2024;
Ao, Ke, and Ehinger 2024) and 3D game engine render-
ing (Hu et al. 2019) to obtain the annotations. However,
the performance is still limited by (a) the distribution gap
between the synthetic and real data and (b) the size of the
dataset. For example, the currently available state-of-the-art
(SOTA) (Ozguroglu et al. 2024) uses only 800k data pairs
for training/fine-tuning, which is relatively small compared
to the recent Internet-scale datasets for other tasks (Rom-
bach et al. 2022; Peebles and Xie 2023; Podell et al. 2023).
Another work (Xu, Zhang, and Shi 2024) also proposes us-
ing a pre-trained diffusion model, but it requires iterative oc-
clusion removal and is constrained to a fixed 83 object cate-
gories, which has limited generalizability.

To address these challenges, we present a funing-free ap-
proach that utilizes existing foundation models trained on
Internet-scale datasets. Our method does not require any
amodal data or any training data at all. Hence, the method
is naturally zero-shot and without restriction to pre-defined
object classes.

The approach is motivated by the observation that diffu-
sion inpainting models have an “occlusion-free bias”, i.e.,
the inpainting model prefers to generate a whole object
rather than the occluder given a reasonable mask as shown



in Fig. 1. We propose to perform inpainting over an enlarged
modal mask, where the diffusion model fills the occluded
regions. With the inpainted occluded regions, we extract the
modal segmentation as the amodal prediction.

We demonstrate the effectiveness of our approach on five
diverse amodal segmentation datasets: COCO-A (Zhu et al.
2017a), BSDS-A (Zhu et al. 2017b), KINS (Qi et al. 2019),
FishBowl (Tangemann et al. 2021), and SAILVOS (Hu et al.
2019). Our zero-shot and tuning-free approach outperforms
the supervised current SOTA (Ozguroglu et al. 2024) by
5.3% in all datasets on average in the mloU, and a more no-
table 12.1% gain from previously unreported three datasets.

Our contributions are as follows:

* We propose a tuning-free method for amodal segmenta-
tion (zero-shot) by exploiting the occlusion-free bias of
diffusion inpainting models.

* The method involves several novel components, includ-
ing a context-aware approach to background composition
using RGB distribution, a noising process image for con-
ditioning, and a modal mask construction procedure.

* We demonstrate the generalizability of the proposed
method by conducting extensive experiments over four
diffusion inpainting models on five diverse datasets.

2 Related Work

Amodal perception and segmentation. Humans can of-
ten detect and identify an object even if it is (partially)
occluded (Lehar 1999). Seminal work by Li and Malik
(2016) begins the line of work of using deep learning for
amodal tasks. Many architectures and models have been pro-
posed, e.g., CNN (Li and Malik 2016; Zhang et al. 2019;
Yang et al. 2019; Xiao et al. 2021), Generative Adversar-
ial Networks (Ehsani, Mottaghi, and Farhadi 2018), Trans-
former (Tran et al. 2022; Gao et al. 2023), and Diffusion-
based models (Ozguroglu et al. 2024; Zhan et al. 2024;
Chen, Ramanan, and Khurana 2025). These works are eval-
uated on datasets such as COCO-A (Zhu et al. 2017a),
BSDS-A (Zhu et al. 2017b), KINS (Qi et al. 2019), and
MP3D-Amodal (Zhan et al. 2024), which consist of com-
mon objects from the real world. Other synthetic bench-
marks are also popular, e.g., SAILVOS (Hu et al. 2019) or
FishBowl (Tangemann et al. 2021). These synthetic datasets
provide more diverse object categories and precise amodal
mask annotations without human errors.

More recently, SegmentAnything-based models (Liu et al.
2025; Tai et al. 2025) have been proposed by training on
amodal datasets; however, the code is not available. The cur-
rent SOTA (with public code) are pix2gestalt (Ozguroglu
et al. 2024) and AmodalWild (Zhan et al. 2024). We refer
to pix2gestalt as the SOTA as its code is fully released and
reproducible.

The pix2gestalt (Ozguroglu et al. 2024) trains a deep-
net to predict the occluded pixels following an analysis by
synthesis framework (Yuille and Kersten 2006). A synthetic
amodal dataset is created by occluding objects with ran-
domly sampled overlays using another object. Our work
does not require any amodal datasets, i.e., it is tuning-free.
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The closest related to our work is the tuning-free method
proposed by Xu, Zhang, and Shi (2024), which proposes to
iteratively use an inpainting modal for amodal completion,
i.e., they are interested in high image quality. Nonetheless,
as a modal mask can be extracted from the completed image,
it is considered an amodal segmentation method.

Finally, a key limitation of Xu, Zhang, and Shi (2024)
and Zhan et al. (2024), upon reviewing their code, is that
these approaches leverage pre-defined class information,
e.g., Xu, Zhang, and Shi (2024) is limited to only 83
classes', which greatly limits the usability. In contrast, our
method does not have class restrictions and does not require
multiple calls to the inpainting model.

Image inpainting is the task of filling in missing regions
of a given image, where the missing region is indicated using
a mask. Early works in inpainting leverage low-level prop-
erties of natural images, e.g., smoothness (Tschumperlé and
Deriche 2005; Darabi et al. 2012) or low-rank (Jin and Ye
2015; Guo et al. 2017), to tackle this task. In cases where
the image contains a large missing region, then generative
or learning-based methods are proposed (Yeh et al. 2017; Yu
et al. 2019; Zeng et al. 2020; Li et al. 2020; Guo, Yang, and
Huang 2021; Li et al. 2022; Liu et al. 2022; Yildirim et al.
2023). More recently, diffusion models have emerged as the
state-of-the-art in image generation and image inpainting
methods based on diffusion have also been proposed (Lug-
mayr et al. 2022; Suvorov et al. 2022; Rombach et al. 2022;
Saharia et al. 2022; Liu et al. 2024; Corneanu, Gadde, and
Martinez 2024). Differently, this work leverages pre-trained
diffusion inpainting models for the task of zero-shot amodal
segmentation.

Tuning-free methods for diffusion models. A diffusion
model requires training on a large number of images to gen-
erate a realistic output. Although pre-trained diffusion mod-
els exist, fine-tuning is still needed for new tasks. Recent
tuning-free methods leverage pre-trained models for perfor-
mance gains and other tasks without extra training, improv-
ing Text-to-Image synthesis (Zeng et al. 2024; Ding et al.
2024) and video generation (Qiu et al. 2024; He et al. 2023).
Similar to these works, our approach does not require addi-
tional tuning. Differently, this paper focuses on using pre-
trained inpainting models for the task of amodal segmenta-
tion.

3 Preliminaries

Diffusion models add noise to the data (forward process) and
learn to undo the added noise (reverse process) during train-
ing. For generations, diffusion models start from a purely
sampled noise and perform the reverse process. Forward
diffusion process gradually adds Gaussian noise to a clean
image, x, over 1" timesteps where x; is the noisy version
of the image at timestep ¢ with a; controlling the amount of
noise added at each step. The noisy image x; can be com-
puted from x as follows

Ty = /ooy + 1-— Qe (1)

! github.com/k8xu/amodal/blob/main/classes.txt
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Figure 2: Our approach takes two inputs: an RGB image I and a visible mask V. From I, we generate a conditioned RGB
image with a color distribution-aware background %y and a partial Gaussian noise-added object xop;. From V', we create
a customized inpainting area M so that we utilize any diffusion-based inpainting models to create an inpainted image & to

extract an amodal mask A.

where a; = []'_, a is the cumulative product of the noise
scaling factors and € ~ A/ (0, I) is a Gaussian noise.

Reverse diffusion process undoes the forward diffusion
by denoising an image iteratively, starting from a pure noise
image, 7 to the clean image, x(. This is formulated as a
sequence of conditional probabilities

po(Ti—1 | @) = N (@415 po(2e, 1), 00 I) 2
following the Gaussian distribution with mean pg(x:, ),
and diagonal covariance matrix predicted from a deep-net
with parameters 6. Intuitively, ug can be thought of as an
image denoiser that gradually removes noise according to a
schedule. Another choice, introduced by DDPM (Ho, Jain,
and Abbeel 2020), is to use a deep-net to model the residual
noise €g. This is equivalent to choosing a denoiser

3
Inpainting predicts masked-out regions of a given input im-
age. Diffusion-based method (Lugmayr et al. 2022) lever-
ages the generative prior of a pre-trained DDPM (Ho, Jain,
and Abbeel 2020) to do so. This is achieved by iteratively
removing noise from the linear combination of the noisy un-
masked regions with the generated mask regions. More for-
mally, given an input image = and a mask M € {0, 1}/7xW
the generation process to produce an inpainted image & is
as follows:

pw(x,t) & x — oy - ep(x,t).

~ N (po(#—1,t),00-1)) 4
Moz:+(1-—M)Gx, (5)

where x; is the noise added input image following Eq. (1),
7 is assumed to be pure noise, and ® denotes element-wise

Z

x
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multiplication. Recent foundation diffusion models (Rom-
bach et al. 2022; Podell et al. 2023; Labs 2024) are text-
conditioned. The denoiser takes in an additional text prompt
c to guide the generation, i.e.,

Zi(c) ~ pp (Bi—1,c,t).

(6

4 Training-free Amodal Segmentation

Problem formulation. We consider the amodal segmenta-
tion setup as in Ozguroglu et al. (2024). Given an object’s
image I and corresponding visible (modal) mask V/, the
task is to predict the object’s amodal mask A that covers
the whole object, including occluded regions.

Overview. We propose a tuning-free method for amodal
segmentation by re-purposing diffusion inpainting models.
Our approach leverages the “occlusion-free” bias of diffu-
sion inpainting models, as shown in Fig. 1, where an in-
painted object is almost always generated without occlusion.
Hence, we inpaint an occluded object to remove the occlu-
sion and use a segmentation method, e.g., SAM (Kirillov
et al. 2023), on the unoccluded object to extract the amodal
mask A. While the proposed method seems straightforward,
the devil is in the details.

To achieve high-quality amodal masks, we needed to
carefully design the generation procedure of the inpainting
model (Sec. 4.1), the conditioning image x (Sec. 4.2), and
the inpainting area M (Sec. 4.3). A visual illustration of the
approach is provided in Fig. 2.
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Figure 3: Our soft-inpainting approach is based on diffusion that can extrapolate to an amodal mask much larger than the visible

mask, as shown in this sequence of denoising images.

4.1 Inpainting via leakage conditioning

Recent diffusion inpainting models (Rombach et al. 2022;
Podell et al. 2023; Labs 2024) are often text-conditioned,
i.e., the model performs a conditional generation on the
masked area with a text-prompt.

As the task of amodal segmentation does not involve any
text prompt, we need another way to condition the model.
Specifically, besides the standard diffusion sampling for in-
painting, we further “leak” the original unmasked condition-
ing image x to the model. Instead of Eq. (5), we perform the
following:

=5 Mo+ (1-M)oxy)+(1—5) ¢, (7

Inpainting term

Leakage term

where 5 € RT controls the strength of the leakage. The
purpose of the leakage term is to inform the model to in-
paint occluded parts relevant to the current scene context,
both masked and non-masked regions. Empirically, we set
s = 0.3 to balance the level of image context preservation,
which is equivalent to using an image that is a combination
of 30% of a newly generated image and 70% of the original
image to maintain the overall original context. Increasing
noise loses visual contexts, leading to random objects with
poor quality of amodal segmentation.

The update equation in Eq. (7) no longer strictly performs
image inpainting as the non-masked region is not guaran-
teed to be the same as the conditioning image «. Instead,
we perform a “soft’-inpainting where the model generates
an image that roughly resembles the condition image x for
the unmasked regions and focuses on generating within the
inpainting area. As the inpainting area is not strict, this also
has the benefit that pixels outside of the inpainting area
M can be changed, i.e., the predicted amodal mask can be
larger than the inpainting area M, which helps with cases
where extrapolation of the visible mask is needed. To han-
dle this, we leverage the leakage from eq. (7), which acts
like a “soft scaffold”, allowing the model to perform “soft-
inpainting”, changing pixels outside the mask (see fig. 3
and fig. 8).

4.2 Designing the condition image

The inpainting procedure needs an input condition image,
denoted as x, to guide the generation process. Our objec-
tive is to create a complete object without any occlusions.
To achieve this, we want the model to focus on the visible
parts of the object rather than the background. Therefore,
we have a separate procedure for preparing the object and
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background pixels, where
=V O Lobj + (1 — V) ® Tpck- (8)
Object pixels. Given the image I containing the object
and its corresponding visible mask V', we extract the object
pixels by overlaying the visible mask using an element-wise
multiplication. As a diffusion model expects a noisy im-

age, we add noise to the object pixels similar to (Corneanu,

Gadde, and Martinez 2024; Meng et al. 2022), i.e.,
Topy = (s- €+ (1—s)-I),

where € ~ NV(0,I) and s = 0.3.

Background pixels. In standard inpainting, the pixel val-
ues in the masked-out region (background) are irrelevant.
Hence, it is common to choose either black or white. How-
ever, the background now plays a role due to our leakage
conditioning in Eq. (7). The default choice of black or white
introduces a sharp contrast around the object’s contours, and
diffusion models do not react well to this pixel intensity dis-
continuity.

Inspired by previous works to blend images seamlessly,
such as leveraging the denoising process (Lugmayr et al.
2022) and incorporating latent information from text-guided
diffusion models (Avrahami, Lischinski, and Fried 2022).
We construct a smooth background that matches the object’s
color distribution. First, we build a color histogram from the
object’s visible pixels in I, then sample background pix-
els oy based on histogram frequencies, and finally apply
a Gaussian blur.

©))

4.3 Designing the soft inpainting area

Besides the condition image x, the inpainting procedure also
requires an inpainting area M, which specifies where to fo-
cus on the generation.

From the visible mask V', we extract contours from a set
of points corresponding to visible regions, where C; is the i
contour. Next, we combine the contours into one region by
taking their union and finding the smallest convex polygon
CnvxHull(|J,_, C;) that can enclose all contours. Finally,
we get the inpainting region, M, by setting values inside the
convex polygon to one, where a visible pixel at (x, y):

M= {(1), if (z,y) € CnvxHUll(lJ,_, Ci),

Diffusion inpainting models are then trained to take an in-
painting region as conditioning input, i.e., £;(M). Hence,
this allows us to use classifier-free guidance (Ho and Sali-
mans 2022) with the mask during the generation. Let w de-
note the intensity of the strictness, which is how the model

1
otherwise. (10)
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Figure 4: Stability analysis across five datasets. Pix2Gestalt,
despite being zero-shot, shows a 26.9% drop in mloU be-
tween its reported and unreported datasets, but our tuning-
free method using Flux shows only an 8.5% performance
difference. This shows that ours shows far more stability and
generalizes unseen data better.

needs to follow the conditioning of the inpainting region M
a classifier-free-guided sample computes

&7 = (1+w) - &(M) — w - &(2), (1D
where & denotes the empty representation of M. Instead
of using & directly in Eq. (5), ¢ is used. Intuitively,
smaller w gives more freedom to generate new pixel in-
formation independent of the inpainting area shape. Em-
pirically, we set w = 0.75 for Stable Diffusion version
1.5 (Rombach et al. 2022), Stable Diffusion XL (Podell et al.
2023) and w as 1.5 with Flux (Labs 2024).

S Experiments

Our method is tuning-free and also a zero-shot amodal seg-
mentation method. For a fair comparison, we strictly follow
the experiment setup of the zero-shot amodal segmentation
experiment setting by Ozguroglu et al. (2024) on COCO-
A (Zhu et al. 2017a) and BSDS-A (Zhu et al. 2017b). To
study the zero-shot capability, we evaluate three additional
datasets, including KINS (Qi et al. 2019), FishBowl (Tange-
mann et al. 2021), and SAILVOS (Hu et al. 2019). We report
quantitative and qualitative results, followed by ablations.

5.1 Experiment setup

We report on the following five datasets covering both real-
world and synthetic images:

® COCO-A (Zhu et al. 2017a): Based on COCO (Lin
et al. 2014) dataset, COCO-A (Zhu et al. 2017a) is a human-
annotated amodal segmentation dataset over natural images.
We report on its evaluation set with 13k ground truth object
amodal annotations, including common objects.

® BSDS-A (Zhu et al. 2017b): Derived from the Berkeley
Segmentation Dataset (BSDS) (Martin et al. 2001), BSDS-
A (Zhu et al. 2017b) is an amodal segmentation dataset la-
beled with manual amodal annotation. We report on the eval-
uation image sets with 200 images from the real world.

® KINS (Qi et al. 2019): KINS (Qi et al. 2019), de-
rived from KITTI (Geiger, Lenz, and Urtasun 2012) for
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Figure 5: Average mloU across five comprehensive datasets,
showing our training-free approach using SDXL outper-
forms Pix2Gestalt (Ozguroglu et al. 2024), which needs
training, by 5.3%.

autonomous driving, features manually annotated amodal
masks and an evaluation set of 7k images.

® FishBowl (Fbowl) (Tangemann et al. 2021) is a syn-
thetic dataset that has different numbers of fish from an We-
bGL demo (Greggman and Engines 2017). Its evaluation
set contains 1k videos of 128 frames each, with each frame
treated independently for amodal segmentation.

® SAILVOS (SV) (Hu et al. 2019) is a synthetic dataset
from the photo-realistic game GTA-V. It contains 26k im-
ages along with 507k objects in the evaluation set.

Evaluation metric. Following Ozguroglu et al. (2024),
we report the mean intersection over union (mloU) to evalu-
ate predicted amodal masks. A higher mIoU indicates a bet-
ter match of the prediction with the ground truth. We also re-
port the mIoU over different subsets of the data based on the
occlusion rate of the object. Specifically, we report on oc-
clusion rate subsets that are less than 50%. We observed that
highly occluded objects yield uncertain annotations, as im-
ages often lack enough details for a complete amodal mask;
See discussion in the appendix.

Baselines. We consider the state-of-the-art baseline of
pix2gestalt, two training-required methods, and three addi-
tional tuning-free methods.

@ pix2gestalt (Ozguroglu et al. 2024) takes an RGB im-
age and its modal mask to generate an amodal mask by us-
ing SAM (Kirillov et al. 2023) to collect on a customized
training dataset that has more than 800k image pairs with
occlusions to a fine-tuned a pre-trained diffusion model of
StableDiffusion2 (SD2) (Stability-Al 2022).

@ Amodal Wild (Zhan et al. 2024) uses a two-stage ap-
proach. First, an occluder mask is predicted from an RGB
image and its modal mask. Next, a U-Net-based model lever-
aging features from a pre-trained Stable Diffusion (using
the modal mask and occluder boundary) predicts the amodal
mask.

® Inpaint-SDXL (Podell et al. 2023): Given a visible
mask and an RGB image, SDXL inpaints its region by lever-
aging a pre-trained model to remove missing pixel informa-
tion. This baseline is proposed by Ozguroglu et al. (2024) in
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Figure 6: Qualitative comparison of amodal mask on KINS (Qi et al. 2019), FishBowl (Tangemann et al. 2021), and SAIL-
VOS (Hu et al. 2019). We observe that for novel categories / domain pix2gestalt may hallucinate inaccurate amodal masks; see

boxed regions in red.

pix2gestalt. We directly report the number from their paper,
as the code for this baseline has not been released.

@ SAM (Kirillov et al. 2023): takes a set of points and
an RGB image to segment pixels that fall into the same ob-
ject category based on features from an image encoder. This
is a strong modal baseline, as reported by Ozguroglu et al.
(2024)

® SAM2 (Ravi et al. 2024): We also consider a even
strong modal baseline of SAM2, which is a improved ver-
sion of SAM.

We also attempted to compare to Amodal Completion
by Xu, Zhang, and Shi (2024). However, as it is limited to 83
categories, the approach was unable to generate a prediction
for many images in the datasets we considered.

Implementation. We consider several diffusion models,
including Stable Diffusion 1.5 and 2 (SD1.5, SD2) (Rom-
bach et al. 2022), Stable Diffusion XL (SDXL) (Podell et al.
2023), and Flux (Labs 2024). Images are refined with 20
iterative steps for amodal completion, and the mask M is
extracted by uniformly sampling nine points from V' using
SAM (Kirillov et al. 2023). All experiments were performed
on an NVIDIA RTX 4090 (24GB VRAM), and 8-bit quan-
tization was applied for Flux to reduce the memory usage.

5.2 Quantitative results

Recall, pix2gestalt trains on a “synthetically curated
dataset” and is hence zero-shot. However, it is unclear
whether this curated dataset generalizes beyond COCO-A
and BSDS-A e.g., if the testing distribution is very different
from their curated data. In Fig. 4 we visualize the perfor-
mance gap between pix2gestalt’ reported datasets (COCO-
A, BSDS-A) and three additional datasets. On one hand,
there is a significant performance gap (26.9% difference) for
pix2gestalt despite being a zero-shot method. On the other
hand, our method has a gap of 8.5%. This illustrates the ben-
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Method Avg COCO BSDS KINS FBowl SV DiffMod

pix2gestalt 65.7 82.9 80.8 39.2 733 523 SD2
SAM 594 66.6 653 408 683 559 -
SAM2 60.5 70.1 63.1 469 655 57.0 -
Inpaint - 765 742 - - - SDXL
Ours 71.0 82.7 756 604 73.0 63.5 SDXL
Ours 702 799 752 584 71.0 66.6 SDI1.5
Ours 66.6 732 72.6 572 728 572 SD2
Ours 704 755 755 60.2 752 65.6 Flux

Table 1: Quantiative comparisons of amodal mask in
mloU(%)1. Methods, except for pix2gestalt are tuning-free.
The best result is bolded, and the second best is italicize.
The gray-colored columns show mloU values from the un-
reported datasets, and ours have all the best performance.

efit of a tuning-free method that generalizes more effectively
to samples outside the training distribution.

Fig. 5 reports the average mloU performance across
the methods. Despite being tuning-free, Our training-free,
SDXL-based approach achieves a 71.0% average mloU ver-
sus 65.7% for pix2gestalt, representing a 5.3% improvement
over pix2gestalt, which has been supervised on amodal data.

For further analysis, Tab. 1 reports mloU using five
datasets, and we bold the best metric and italicize the
second-best metric. For the COCO-A (Zhu et al. 2017a) and
BSDS-A (Zhu et al. 2017b), pix2gestalt (Ozguroglu et al.
2024) (a supervised method) has the best metrics, followed
by Stable Diffusion XL with ours by 0.2% and 5.2%. Note,
pix2gestalt “curated synthetic dataset” is designed to match
the distribution of COCO-A and BSDS-A.

To further investigate the zero-shot capability, we present
three additional datasets featuring diverse object categories.
Results on KINS (Qi et al. 2019), FishBowl (FBowl) (Tange-
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Figure 7: Amodal completion results on in-the-wild images
comparing Ours (SDXL) and pix2gestalt.

mann et al. 2021), SAILVOS (SV) (Hu et al. 2019), show
that our methods generate 21.2%, 1.9%, and 14.3% more ac-
curate mask than pix2gestalt. Importantly, our method per-
forms best among the tuning-free approaches and convinc-
ingly outperforms the modal baseline. We were unable to
compare with Inpainting-SDXL, as the code was not re-
leased and we were unable to reproduce it.

In the appendix, we report and discuss the detailed results
based on different object occlusion rates. Also, we provide
further qualitative analysis for each dataset.

5.3 Qualitative results

Fig. 6 shows the comparison of the amodal mask genera-
tion on the three additional datasets, including KINS (Qi
et al. 2019) (row 1), FishBowl (Tangemann et al. 2021)
(row 2), and SAILVOS (Hu et al. 2019) (row 3). The first
row shows that pix2gestalt overextends the car. The second
row demonstrates that pix2gestalt misunderstands the visual
context and adds “hallucinations”, (another car), to generate
amodal masks. Overall, pix2gestalt performs worse on these
additional datasets, possibly due to a larger gap in distribu-
tion from their curated data. In contrast, our method shows
robustness with high-quality amodal masks.

We also experimented with in-the-wild images to vali-
date our approaches compared to pix2gestalt (Fig. 7). We
start with the horse (first row) that pix2gestalt reported in
their paper. The predicted mask from our approach shows
a comparable quality to that generated by pix2gestalt. We
also show another example (second row), where ours com-
pletes a cloth behind the cup that Grogu is holding, while
pix2gestalt barely made any changes to the input image.
Moreover, Fig. 8 shows cases of amodal mask extrapolation,
demonstrating our method’s ability to “grow” a bigger mask.

5.4 Ablation studies & analysis

Ablations. We evaluate the effectiveness of the components
by removing them from the algorithm, and we show the
results in Tab. 2. The experiment is conducted on COCO-
A (Zhu et al. 2017a) using Stable Diffusion XL (Podell et al.
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Mask Diff Ours RGB
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Figure 8: Blue pixels denote differences between the visi-
ble mask and our predicted mask. Observe that our method
can extrapolate the mask via our proposed “soft-inpainting”
method.

DiffMod Leakage Background Mask mloU(%)t

SDXL X 4 4 389
SDXL 4 X 4 70.9
SDXL v v X 70.3
SDXL v v v 76.5

Table 2: We ablate each component’s effectiveness using
mloU by removing each component from the pipeline.

2023). The first row shows the mloU with all the compo-
nents included. When the leaking conditioning (Sec. 4.1),
the context-aware background (Sec. 4.2), or the inpainting
area (Sec. 4.3) is excluded, the accuracy of the amodal mask
falls by 37.6%, 5.6%, 6.2% in the mloU compared to using
all components, respectively and the greater drop indicates
higher importance for generating accurate amodal masks.
We report additional ablation studies in the Appendix.
Computation efficiency. We compare the efficiency to
pix2gestalt. For the smallest model, SD2 is 4.1 x more ef-
ficient in memory, and the inference (0.3 seconds) is 19x
faster compared to pix2gestalt (Ozguroglu et al. 2024). Our
best model (SDXL) is also more efficient than pix2gestalt.

6 Conclusion

We introduce a tuning-free/zero-shot amodal segmentation
method by leveraging the occlusion-free bias of pre-trained
diffusion inpainting models. Our approach customizes the
conditioning image, designs a new inpainting region, and
uses a novel leakage conditioning technique. Experiments
on five datasets demonstrate that our model (SDXL) im-
proves mloU by 5.3%, with 4.8 x faster inference and 1.4x
VRAM efficiency over pix2gestalt. Other models (SD1.5,
SD2, Flux) are also effective. These results demonstrate the
generalizability of our approach over existing supervised
trained zero-shot methods. Finally, as diffusion inpainting
techniques continue to improve, we anticipate further ad-
vancements in segmentation performance.
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