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Abstract. Amodal segmentation aims to recover the full shape of ob-
jects that are partially occluded; however, most existing approaches are
trained and assessed on in-domain benchmarks and exhibit limited gen-
eralization in zero-shot scenarios. Human-intuition-guided depth-aware
(HIDA) is proposed as a plug-and-play framework that combines two
frozen vision foundation models with a lightweight trainable segmenta-
tion network to estimate amodal masks using only a visible bounding
box. HIDA initially derives a visible prior mask and a pseudo-depth
map (PDM) to enable target-centered cropping, which reduces irrel-
evant context while highlighting occlusion boundaries and hidden re-
gions. An occlusion-aware token-routing soft MoE module is also in-
troduced within a lightweight ViT encoder to adaptively handle var-
ied occlusion patterns and strengthen representations of invisible re-
gions. Evaluations on COCOA-cls, KINS, and D2SA demonstrate that
HIDA attains state-of-the-art performance in fully supervised settings
and state-of-the-art zero-shot results on COCOA-cls and D2SA while
training only a lightweight segmentation network. Code is available at:
https://github.com/lipenghuai/HIDA.

Keywords: Amodal segmentation · Occlusion-aware Soft MoE · Zero-
shot Learning

1 Introduction

Humans possess an inherent ability for amodal perception [16,31], which enables
rapid reconstruction and inference of an object’s complete shape from its visible
parts, even when the object is partially occluded. In computer vision, amodal
perception has likewise become increasingly important for practical applications,
including autonomous driving [3, 15, 35], robotic grasping [14, 37, 42, 47], image
enhancement [13, 22, 49], and scene understanding [4, 7, 40]. Occlusion under-
standing is, therefore, a core capability for visual intelligence systems.
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Fig. 1: Zero-shot qualitative results of HIDA. Without any training or fine-tuning
on the target dataset, HIDA predicts amodal masks from a visible bounding box by
leveraging pseudo-depth guidance and occlusion-aware token-routing.

As interest in amodal perception has increased, amodal segmentation has
received substantial attention in recent years, and numerous methods have been
explored to support various applications [41]. Many previous studies remain lim-
ited to closed-world settings and do not achieve zero-shot generalization, which
does not satisfy practical requirements [1]. SAMBA [29] was introduced to ad-
dress this limitation as a foundation model for zero-shot segmentation. SAMBA
is produced by fine-tuning SAM [19] with additional structures added on top of
the SAM encoder, leading to strong zero-shot performance. This approach, how-
ever, remains bounded by the SAM architecture, indicating a need for a more
flexible design to further unlock the potential of vision foundation models.

Human visual intuition suggests that occlusion relationships among objects
follow a straightforward geometric principle: only objects that are nearer to the
imaging plane in 3D space can occlude those located behind them. Occlusion
truncates the visible mask on the image plane but does not disrupt the global 3D
continuity of the occluded target [17,26]. Modal and amodal mask prediction are
intrinsically linked. Amodal segmentation uses information from visible regions
to form plausible completions, and the accuracy of modal segmentation directly
affects amodal segmentation quality [10]. Building on this motivation, amodal
segmentation is performed using only a visible bounding box of the target by
jointly leveraging a pseudo-depth map (PDM) estimated by Depth Anything
V2 [44] and a high-quality visible mask generated by SAM. The PDM provides
explicit cues about relative front-back ordering in occluded scenes, allowing more
reliable pixel-level separation of occluders from occluded targets. The visible
contour simultaneously acts as a geometric anchor that accurately constrains
the target’s position and local shape in the image. This formulation shifts the
learning challenge toward extrapolating and completing invisible regions, making
contour prediction more aligned with human perception: the visible portion is
identified first, followed by inference of the complete object shape.

Existing amodal segmentation methods, despite recent progress, remain lim-
ited by substantial training costs and still do not reach the desired level of
accuracy. Informed by these observations, a two-stage amodal segmentation
framework, human-intuition-guided depth-aware (HIDA) modal segmentation,



HIDA 3

is developed. HIDA employs two frozen, pretrained foundation models as plug-
and-play prior extractors and trains only a lightweight segmentation network,
without fine-tuning or architectural changes to the foundation models. Adaptive
image cropping is first applied using the visible mask and PDM to concentrate
on the target region. An occlusion-aware token-routing soft MoE module [25,34]
is then incorporated into a lightweight ViT encoder [8] to strengthen representa-
tions of occlusion boundaries and occluded regions, which supports more stable
and accurate amodal contour prediction.

The proposed approach is evaluated on three primary datasets: COCOA-
cls [50], KINS [35], and D2SA [10]. The experimental results indicate that HIDA
achieves state-of-the-art performance in the fully supervised setting and state-
of-the-art zero-shot performance on COCOA-cls and D2SA. HIDA also demon-
strates high efficiency in training speed. The contributions are summarized as
follows:

– A depth-aware amodal segmentation framework, HIDA amodal segmenta-
tion, is introduced, combining two frozen, pretrained vision foundation mod-
els with a lightweight, trainable segmentation network. Lightweight inter-
faces enable interaction among the three modules while keeping the founda-
tion models frozen to support plug-and-play use of off-the-shelf backbones.

– Adaptive image cropping combines visible-mask structure with pseudo-depth
occlusion cues to produce informative target regions, while a token-routing
soft MoE improves segmentation and visualizes occlusion-aware token dis-
patch.

– Experiments on COCOA-cls, KINS, and D2SA show that HIDA attains
state-of-the-art results under fully supervised training and state-of-the-art
zero-shot performance on COCOA-cls and D2SA while requiring only limited
computational resources during training.

2 Related Work

2.1 Amodal Segmentation

Amodal segmentation seeks to estimate object shapes that include both the
visible parts and the regions hidden by occlusion in partially occluded objects.
This capability is fundamental to visual intelligence and can also be used as an
auxiliary component for 3D reconstruction and novel view synthesis [6]. Amodal
segmentation was first introduced by Li and Malik [21], and many methods have
since been proposed. Beyond direct end-to-end optimization in fully supervised
settings [21,35,50], researchers have improved segmentation performance by in-
corporating various auxiliary cues, such as depth relations [46, 48] and shape
priors [6, 11, 22, 43]. Weakly supervised methods rely on cheaper forms of anno-
tation [20,27,38], such as bounding boxes and category labels, but their perfor-
mance is often limited by insufficient supervision signals.

In general, these methods are limited by expensive annotations or category-
specific distributions, which reduces their ability to generalize to open-world



4 Peng Li et al.

scenarios. Recent advances in vision foundation models have motivated multiple
approaches that leverage these paradigms for amodal segmentation [29,46]. Zero-
shot methods, in particular, utilize large-scale synthetic datasets or foundation
models to effectively predict amodal masks for occluded objects with a certain
degree of generalization.

Despite encouraging performance, most existing approaches either depend on
a single standalone model or obtain modal masks from a foundation model and
then pair a generative model to infer amodal masks, which does not fully lever-
age the capabilities of vision foundation models. HIDA is, therefore, developed
as a two-part amodal segmentation framework that integrates two pretrained vi-
sion foundation models with a lightweight trainable segmentation network. This
design achieves competitive results under both fully supervised and zero-shot
protocols.

2.2 Vision Foundation Models

The rapid progress of vision foundation models in recent years has attracted
broad interest within the computer vision community [2]. These foundation mod-
els [5,19,44] are generally trained on large-scale datasets and exhibit strong gen-
eralization ability. For instance, SAM [19] achieves class-agnostic image segmen-
tation by training on massive datasets, substantially improving its performance
in zero-shot scenarios. Moreover, Depth Anything V2 [44] provides efficient zero-
shot depth estimation by leveraging large-scale pseudo-depth data. Such vision
foundation models encode rich implicit priors and generalize well, which is also
critical for zero-shot amodal segmentation. Therefore, we aim to fully exploit
the priors in SAM and Depth Anything V2 to facilitate amodal segmentation.

Foundation models have motivated early research across a wide range of areas
[28,29,39], and have also been explored to some extent for amodal segmentation.
Existing studies, however, largely focus on fine-tuning a single foundation model
or using SAM to extract modal masks for subsequent amodal prediction, which
leaves the broader potential of foundation models insufficiently explored.

2.3 Soft MoE

Soft MoE [34] is a deep learning technique that integrates mixture-of-experts
with a soft selection mechanism to increase model expressiveness. Conventional
MoE [36] typically applies hard selection to determine which experts are acti-
vated, whereas soft MoE adopts soft selection so that multiple experts can con-
tribute in a graded manner during each inference pass, mitigating performance
limitations associated with hard routing. A K-dimensional routing distribution
is generated at each spatial location, providing continuous, normalized weights
over all experts rather than selecting a single expert. These weights are condi-
tioned on local appearance and occlusion cues, enabling the network to adjust
each expert’s contribution dynamically and to construct a mixture of specialized
feature-representation pathways. Consequently, ambiguous areas, including oc-
clusion boundaries, thin structures, and partially visible regions, can be handled
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by multiple complementary experts, while more certain regions are typically gov-
erned by a smaller subset of experts. This spatially varying soft routing improves
robustness under occlusion-related uncertainty and promotes expert specializa-
tion across different occlusion patterns and boundary configurations, producing
more discriminative and stable representations.

3 Method

3.1 Task Definition

For each instance, the original image I and the visible bounding box Bm as
inputs, where Bm is derived from the modal (visible) extent of the target and
serves as a spatial prior to localize the region of interest. Conditioned on (I,Bm),
the model outputs a predicted binary amodal mask M̃a ∈ {0, 1}H×W , which
aims to delineate the complete object silhouette by covering both the visible and
occluded parts. Importantly, our formulation is category-agnostic: no category
labels are required, and the network learns amodal completion purely from mask
supervision, enabling straightforward generalization to novel object categories
without class-specific annotations.

3.2 Overall Architecture

An amodal segmentation framework is introduced based on human visual in-
tuition, combining two pretrained vision foundation models with a lightweight
trainable segmentation network. As shown in Fig. 2, HIDA is organized into two
phases: a trainable phase and a non-trainable phase. Unlike prior methods that
fine-tune vision foundation models, we use them strictly as frozen, plug-and-play
prior generators, without any fine-tuning or architectural modification. Given an
input image I and a visible bounding box, we first use Depth Anything V2 to
generate a pseudo-depth map (PDM) of I, and meanwhile use SAM to produce
the visible mask M̃m of the target. These two processes can be executed in par-
allel. We then expand the bounding box based on the foundation model outputs
(i.e., the PDM and the visible contour) to obtain a full-object box. Using this
expanded box, we crop I, PDM, and the modal mask M̃m to obtain cropped I,
cropped PDM, and m̃m.

Cropped I, cropped PDM, and m̃m are concatenated along the channel di-
mension and provided as input to a ViT image encoder. In parallel, the cropped
PDM and the modal mask m̃m are further processed, and their features are
concatenated to construct the routing signal for the soft MoE module. To more
effectively leverage the priors encoded in SAM, cropped I is also passed through
the SAM encoder, and the resulting features are concatenated with the ViT
image-encoder features along the channel dimension. The fused features are then
fed into the decoder to estimate the complete mask m̃a, which is finally mapped
back to the original image to produce the final amodal mask M̃a.
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Fig. 2: (a) Overall architecture of HIDA. HIDA employs a plug-and-play architecture
that leverages vision foundation models as frozen prior extractors and requires no fine-
tuning of the foundation models. Two foundation models are incorporated to obtain
rich priors and to guide image cropping (refer to Sec. 3.3). A lightweight ViT-based
segmentation model is constructed to integrate the priors provided by the foundation
models with the original input, and an occlusion-aware soft MoE is further developed
to strengthen the lightweight model’s ability to handle occlusions. (b)Architecture of a
single soft MoE block. Soft MoE comprises a router and multiple experts. The router
receives an occlusion signal formed using predefined rules and outputs expert weights,
whereas all experts take the same feature xi from the ViT image encoder. A residual
design is applied in which expert outputs are weighted by the router’s expert weights
and then added to xi to obtain x̃i+1 (refer to Sec. 3.4). RS denotes the routing signal
constructed by combining the cropped PDM and the visible mask m̃m through a ded-
icated fusion operation.

3.3 Adaptive Image Cropping via Visible Masks and Pseudo-Depth

Given the normalized PDM generated by Depth Anything V2, D ∈ [0, 255]H×W ,
where larger depth values indicate that the target is closer to the camera, the
following intuition is adopted: when pixels outside Mm exhibit larger values
than those within the inner border band of Mm, the presence of a foreground
occluder on that side is assumed, and a larger expansion is assigned to that
side. Further details are provided through the occlusion scoring and expansion
allocation strategy described below.

The four sides of Mm are denoted by l, r, t and b. For each side s ∈ {l, r, t, b},
an irregular stripe Ωs is collected outside Mm such that it does not overlap with
the visible mask. The stripe width or height is constrained not to exceed the
maximum number of expandable pixels permitted by the image boundary on
that side. To encourage pixels closer to Mm to contribute more, we apply a
linearly decaying weight w(p) ∈ (0, 1] along the direction perpendicular to that
side (where pixels closer to the boundary receive higher weights). The occlusion
score for side s is defined as:

scores =

∑
p∈Ωs

1[D(p) ≥ med(D(bandin)) +∆]w(p)∑
p∈Ωs

w(p)
(1)
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where bandin denotes the inner border band obtained by eroding Mm, with
a band width of 5 pixels. [D(p) ≥ med(D(band in))) + ∆] indicates the depth
polarity, and ∆ is the depth margin threshold. If no valid stripe is available on
a given side, we set scores = 0.

For expansion allocation, an expansion ratio Er ∈ [Ermin, Ermax] is specified
while ensuring that the expanded box remains within the image boundaries. The
horizontal expansion ratio on the Er,left is defined as follows:

Er,left = min

{
max

(
scoreleft × (Ermax + Ermin)

scoreleft + scoreright + ε
, Ermin

)
, Ermax

}
(2)

and similarly for the other sides.

Fig. 3: Visualization of boundary expansion
guided by depth polarity.

As illustrated in Fig. 3, the crop
is expanded adaptively toward the
side that is genuinely more likely
to be occluded, based on occlu-
sion cues. This strategy retains local
context that is important for com-
pletion while largely excluding dis-
tant, irrelevant background, thereby
increasing the signal-to-noise ratio.
The target becomes more centered
within the cropped image at a more
consistent scale, which reduces scale
jitter associated with random en-
largement and decreases the exces-
sive blank areas that often occur for
elongated objects. Consequently, the
encoder’s receptive field is utilized

more effectively on foreground content. In addition, this approach reduces the
bias introduced by directly enlarging the visible bounding box, guiding the model
to focus more on plausible shape extension into occluded regions, which typically
yields more stable prediction performance.

3.4 Occlusion-Aware Token-Routing Soft MoE

Amodal segmentation, unlike modal segmentation, exhibits a substantial rep-
resentation gap, as texture and depth distributions in visible regions can differ
markedly from those in invisible regions. This challenge is addressed through
an occlusion-aware token-routing mixture-of-experts module that dynamically
assigns expert weights across spatial locations during encoding. Such routing en-
ables discriminative features from visible regions to pass across occlusion bound-
aries into invisible regions, supporting more stable shape completion.

An occlusion-aware token-routing mixture-of-experts structure is integrated
into a lightweight ViT backbone. Occlusion cues are constructed to guide expert
selection. Occlusion strength at the visible boundary is characterized by deriving
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three low-resolution routing features g, d, m rom the depth map and the visible
mask, which are then used to form an occlusion-sensitive routing signal as follows:

occ = [σ(g + d)∥d∥m] (3)

where σ denotes the Sigmoid function. The term g represents the depth gradi-
ent magnitude, which is computed by applying a Sobel filter to the depth map
followed by normalization, which captures the strength of occlusion at depth
discontinuities. d denotes the boundary of the visible mask, and m is the down-
sampled mask.

This design uses the occlusion-sensitive signal occ to steer tokens toward dif-
ferent experts, producing more discriminative local representations at boundary
discontinuities and within occluded regions while preserving computational and
representational efficiency in non-occluded areas. Soft routing is applied at each
token spatial location (i, j): first, the backbone feature xi ∈ RB×C×H×W is re-
duced by a pointwise convolution to z ∈ RB×c×H×W ; after concatenating z with
the occlusion signal occ along the channel dimension, the router R(·) produces
K expert logits at that location, logits: r(i, j) = R([z∥occ]), and a gating vec-
tor is obtained along the expert dimension as gate = softmax(r(i, j)). Let the
k-th expert be a lightweight convolutional mapping Ek(·); soft routing forms a
per-location convex combination of expert outputs using the gating coefficients,
yielding the output of occlusion-aware token-routing mixture-of-experts:

yi,j =

K∑
k=1

gk,i,j Ek(xi,j) , s.t. gk,i,j ≥ 0,

K∑
k=1

gk,i,j = 1. (4)

To prevent the gating from collapsing to a small subset of experts, we intro-
duce a load-balancing regularizer based on batch- and spatially-averaged gating:

LLB = −
K∑

k=1

ḡk log(ḡk + ϵ), ḡk =
1

B ×H ×W

B∑
b=1

H∑
i=1

W∑
j=1

gb,i,j,k. (5)

Soft routing allocates continuous weights over K experts at each spatial lo-
cation through a softmax gate conditioned on the estimated occlusion degree
occ, allowing features in occluded and boundary regions to adaptively choose
more suitable representation pathways. A load-balancing regularization term is
also incorporated to regulate expert utilization frequency, which promotes more
diverse expert usage and supports stability throughout training.

3.5 Loss Function

The overall loss is composed of two terms: Lseg, which measures segmentation
quality, and LLB, which constrains expert utilization frequency.

We use a combination of binary cross-entropy loss and Dice loss to reflect
the segmentation error of the target:

Lseg = LBCE(m̃a,ma) + LDice(m̃a,ma) (6)
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where m̃a and ma denote the predicted and ground-truth amodal masks of the
target in the cropped image, respectively.

A load-balancing regularizer LLB is further introduced, based on gates av-
eraged across the batch and spatial dimensions, to prevent the gating from col-
lapsing to a small subset of experts. The overall loss is defined as follows:

L = Lseg + LLB (7)

4 Experiments

4.1 Datasets and Metrics

All experiments, including the proposed method and the baseline approaches
used for comparison, are performed on the test(or val) splits of three widely-used
and challenging amodal segmentation benchmarks: COCOA-cls [50], KINS [35],
and D2SA [10]. Unlike the synthetic dataset pix2gestalt [32], both COCOA-cls
and KINS are built from real-world natural images with occlusions. COCOA-
cls is derived from the COCO [24] dataset by adding amodal annotations to
a subset of COCO images, and it contains 2,476 training images and 1,223 val
images. The dataset spans 80 object categories. KINS is derived from the KITTI
[12] benchmark and focuses on street scenes involving pedestrians and vehicles
for autonomous driving applications; it is currently the largest amodal street-
scene dataset. It includes seven common on-road categories, such as cars, trucks,
and pedestrians, with 7,517 training images and 7,474 test images. Following
Bayesian-Amodal [38] and BLADE [27], we restrict evaluation to vehicles whose
height is greater than 50 pixels on the test set. The D2SA dataset is built upon
the D2S [9] dataset and targets supermarket checkout scenarios, containing 60
categories of diverse objects. D2SA includes 2,000 training images and 3,600 val
images. Notably, KINS and D2SA are designed for specific scenarios and thus
exhibit strong scene bias.

All methods are assessed using the standard Intersection-over-Union (IoU)
metric on these benchmarks.

4.2 Implementation Details

The HIDA framework is implemented in PyTorch. We adopt the ViT-H version
of SAM [19] and the Large version of Depth Anything V2 [44] as the founda-
tion models to extract image priors. Considering that the expanded bounding
box should cover the full target as much as possible while reducing background
redundancy, we set Ermin = 0.2, Ermax = 0.6. The trainable lightweight segmen-
tation encoder is based on ViT, and we explore three different network depths
to study how the encoder capacity affects overall performance.

Training is conducted on the pix2gestalt [32] dataset. This dataset is class-
agnostic and contains 849,667 image samples with synthetic occlusions generated
based on the SA-1B dataset [19]. We crop images using the expanded bounding
boxes; all inputs are resized to 256 × 256 and then processed, without using
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any data augmentation. During training, we jointly update the decoder and the
unfrozen lightweight ViT encoder parameters using the AdamW optimizer, with
an initial learning rate of 1 × 10˘4, a weight decay of 1 × 10˘4, and 15 epochs.
The learning rate is gradually decayed following a cosine annealing schedule [30],
with the annealing period set to the total number of training epochs, thereby
maintaining larger update steps early to accelerate convergence and smoothly
reducing the learning rate later to stabilize optimization [18]. The batch size is set
to 32. For zero-shot training, all trainable parameters are randomly initialized,
while for fully supervised training we initialize from the zero-shot weights. We
precompute and cache all priors offline, and only train the lightweight network.
All experiments are conducted on a single NVIDIA RTX 4090 (24 GB).

4.3 Comparison with Existing Methods

To provide a more comprehensive evaluation, HIDA is compared with seven ex-
isting approaches on the COCOA-cls and D2SA validation sets and on the KINS
test set. GIN [23], C2F-Seg [11], and SDAmodal [45] are leading fully supervised
amodal segmentation methods. SAM [19], SDXL-Inpainting [33], SAMBA [29],
and Pix2Gestalt [32] are zero-shot methods. SAM is a general-purpose, prompt-
able foundation model for visible-mask segmentation, while SAMBA further ex-
tends SAM to enable zero-shot amodal segmentation. SDXL-Inpainting serves
as a general inpainting baseline for appearance completion, and pix2gestalt is a
diffusion-based framework specifically designed for zero-shot amodal segmenta-
tion and completion.

The framework uses only the modal bounding box as input. For a fair com-
parison, SAM-predicted modal masks are provided when a method requires a
modal mask.

As shown in Table 1, our method achieves the best supervised performance
across all three datasets. Under the zero-shot setting, Ours† obtains the best
results on COCOA-cls and D2SA, outperforming SAMBA, while performing
slightly worse than SAMBA on KINS. Interestingly, under the fully supervised
setting, the performance gain of our method is more pronounced on scene-biased
datasets (D2SA, KINS), highlighting its practical value for scenario-targeted
applications.

Fig. 4 further presents qualitative results that visually demonstrate our ad-
vantage: compared with other models, HIDA produces more accurate object
shapes.

4.4 Ablation Study

The effectiveness of the proposed approach is examined through ablation stud-
ies conducted in the zero-shot regime. Training is performed on the pix2gestalt
dataset, and evaluation is carried out on the COCOA-cls validation set. Abla-
tions are conducted by varying the encoder data-fusion strategy, the capacity
of the ViT encoder in terms of the number of trainable parameters, and the



HIDA 11

Table 1: Quantitative results on the three datasets compared with existing methods.
† denotes zero-shot methods. Performance is reported as mean IoU (%), where higher
values indicate better performance. The best results under the zero-shot setting are
shown in bold, and the best results among supervised methods are indicated with
underlining.

Method Venue COCOA-cls D2SA KINS

GIN [23] TMM 2023 72.46 78.23 68.31
SAM [19] ICCV 2023 73.10 84.65 75.88
C2F-Seg [11] ICCV 2023 80.28 89.10 82.22
SDXL-Inpainting† [33] ICLR 2024 73.65 80.53 76.19
Pix2Gestalt† [32] CVPR 2024 79.08 81.82 81.45
SDAmodal [45] CVPR 2024 80.01 - -
SAMBA† [29] CVPR 2025 81.82 90.98 88.47
HIDA - 85.56 93.33 91.50
HIDA† - 83.16 91.11 86.71

Fig. 4: Qualitative results. Qualitative comparison of predicted amodal masks gener-
ated by SAM, Pix2Gestalt, C2F-Seg, and our HIDA under both zero-shot and fully
supervised settings. For fair comparison, Pix2Gestalt and C2F-Seg use a visible bound-
ing box enlarged by a factor of two as input to ensure a fair comparison. The official
implementation of C2F-Seg does not provide pretrained weights for the D2SA dataset.
A zoomed view is recommended for improved clarity.
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number of experts, while the per-epoch training time is additionally reported as
an efficiency metric.

Table 2 reports zero-shot performance on the COCOA-cls validation set and
supports several observations. Decoder feature selection has a substantial im-
pact on performance. Using only SAM encoder features results in relatively low
accuracy, whereas incorporating the trainable ViT representation produces a
large improvement, indicating that learned global semantics and shape priors
are important for extrapolating and completing occluded regions. Further gains,
along with more stable performance, are obtained by fusing SAM and ViT fea-
tures, although this fusion increases per-epoch training time. The contribution
of pseudo-depth is assessed by an ablation in which the PDM is set to zero. Un-
der this setting, IoU on COCOA-cls decreases to 81.78%, which confirms that
pseudo-depth cues contribute to accurate amodal completion.

Table 2: Ablation study on the COCOA-cls dataset evaluating ViT decoder feature
sources with optional depth cues.

Index SAM Enc. ViT Enc. Pseudo-depth IoU (%) Training Time / Epoch (h)

1 ✓ × – 60.90 3.5
2 × ✓ ✓ 81.56 5.3
3 ✓ ✓ × 81.78 6.1
4 ✓ ✓ ✓ 83.16 6.1

Tables 3–4 indicate that enlarging the ViT encoder, reflected by deeper layers,
yields consistent performance improvements. Higher encoder capacity, however,
is accompanied by increased parameter counts, greater computational cost, and
longer per-epoch training time, which reflects the typical trade-off between ac-
curacy and training efficiency. In this implementation, the ViT decoder is fixed
at 12.63M parameters, with a computational cost of 17.42G FLOPs.Within the
soft MoE design, a moderate increase in the number of experts enhances the
model’s ability to capture diverse occlusion patterns and improves performance.
Performance saturation or slight degradation occurs when the number of experts
becomes too large, which suggests that excessive expert capacity can make rout-
ing more difficult to learn and may reduce generalization. The proposed method
includes 77.86M trainable parameters, which is slightly higher than SAMBA
(72M) and substantially lower than Pix2Gestalt (860M). Training time also
does not increase linearly with computational cost, since input-data diversity
introduces additional overhead from data loading and preprocessing within the
training pipeline.
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Table 3: Ablation Study of the Number of Experts in Soft MoE on the COCOA-cls
Dataset.

No. Exp. Enc. Params(M) Enc. FLOPs(G) IoU (%)

1 60.29 17.68 81.98
2 61.93 18.10 82.69
4 65.23 18.95 83.16
8 71.87 20.65 82.97

Table 4: Ablation study of ViT encoder depth on the COCOA-cls dataset.

Enc. Layers IoU Train Time Epoch (h) Enc. Param (M) Enc. FLOPs (G)

4 82.18 4.5 6.43 3.89
6 83.05 5.1 24.81 8.58
8 83.16 6.1 65.23 18.95

4.5 Analysis of Expert Activation Patterns in Soft MoE During
Forward Inference

Fig. 5 presents visualizations of the soft MoE routing signals for the same input
at Layer 0 and Layer 7. For each layer, routing-weight heatmaps for four experts
are shown over a 16 × 16 patch grid, together with the dominant expert assign-
ment map and an entropy-based routing uncertainty map. Layer 0 shows finer-
grained and more localized expert specialization: experts respond differently to
interior and boundary regions of the target, while background patches are often
consistently dominated by a single expert. With increased depth to Layer 7,
routing patterns become smoother and more region-consistent, producing more
coherent expert assignments over the target and indicating stronger aggregation
of global structure and semantic cues in deeper representations. Higher entropy

Fig. 5: During inference, we visualize Soft-MoE expert activations. The first column
shows the inputs (pseudo-depth and visible mask) with the corresponding RGB image.
Columns 2–4 report, for Layer 0, the routing-weight heatmaps of four experts, along
with the argmax assignment and entropy maps; Columns 5–7 show the same visualiza-
tions for Layer 7. The color legend denotes routing-weight magnitude or expert index.
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appears near object boundaries and occlusion-related regions, which reflects in-
creased mixing across experts and greater uncertainty, whereas lower entropy is
observed in stable interior regions, indicating more confident routing decisions.

4.6 Limitation

Fig. 6: Typical failure cases.

Fig. 6 illustrates that depth aliasing
can arise near contact regions when
the elongated boundary of a distant
target closely touches a nearer fore-
ground object. Weak or inconsistent
depth discontinuities may cause the
PDM to assign similar or even in-
verted depth ordering to boundary
pixels, making boundary ownership
ambiguous. As a result, HIDA may
over-extend into the occluder or in-
sufficiently complete the occluded re-
gion. This issue is expected to occur
less often under fully supervised train-

ing, where dense amodal supervision helps learn stronger boundary-ownership
priors. Although uncommon, such cases reveal limitations of pseudo-depth under
severe contact occlusions and motivate future work on more reliable depth cues
or explicit boundary reasoning.

HIDA is limited by its inference cost, requiring 0.8 s per frame per instance
on a single RTX 4090. Lightweight segmentation and depth backbones will be
explored for acceleration.

5 Conclusion

This work introduces HIDA, a modular amodal segmentation framework that
integrates two frozen vision foundation models with a lightweight trainable seg-
mentation network. High-quality visible masks and pseudo-depth cues are jointly
utilized to perform adaptive, target-centric cropping that suppresses irrelevant
context and directs learning toward occlusion boundaries and invisible regions.
An occlusion-aware token-routing soft MoE module is also incorporated to more
effectively accommodate diverse occlusion patterns.Evaluations on COCOA-cls,
KINS, and D2SA show that HIDA achieves state-of-the-art performance in fully
supervised settings and strong zero-shot results on COCOA-cls and D2SA, while
training only a lightweight segmentation network. Future work will focus on mit-
igating the depth ambiguity issues described above by investigating improved
depth estimation or explicit modeling of occlusion boundaries.
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