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Figure S1. Qualitative results with different user prompts. Examples (A, B, C) are from the AHP real test dataset. For each prompt
type, three samples are generated using the same random seeds for a fair comparison. In (A), the three samples in the ppo column are
generated using seeds 42, 616, and 2026, and the same set of seeds is reused for the remaining prompt types (pib, peb, ppoib, ppoeb), ensuring
that images within the same row are generated with identical seeds.

S1. Additional Analysis of User Prompts

Table 2 in the main paper reports the user prompt ablation
results on OccThuman2.0. In this section, we extend the
evaluation by presenting additional quantitative and qualita-
tive results on the AHP real test dataset, including the KID
metric. Based on these results, we analyze each prompt
in terms of performance and user effort by reporting the
marginal gain in joint error per additional input point, en-
abling a normalized comparison across prompts.

S1.1. Additional Qualitative Analysis
Qualitative results for the same input image under different
user prompts are shown in Fig. S1. While the pose prompt

ppo provides joint-level pose constraints, it does not directly
constrain the synthesis region. As shown in the ppo col-
umn of Fig. S1(A), the occluded right leg generally follows
the 2D pose map, but its reconstructed length varies across
samples.

The interest-region bbox prompt pib provides a direct
constraint on the synthesis region but offers less control
over pose compared with the pose prompt ppo. In the pib
column of Fig. S1(A, C), the occluded leg is synthesized
within the bbox, and the resulting poses show diverse varia-
tions within this constraint. The entire-region bbox prompt
peb provides an even weaker constraint on the occluded re-
gions than the interest-region bbox pib. Consequently, the



User Prompt
OccThuman2.0 test dataset (synthetic) AHP test dataset (real)

LPIPS* ↓ SSIM ↑ KID* ↓ MSE* ↓ PSNR ↑ Joint Err. ↓ LPIPS* ↓ SSIM ↑ KID* ↓ MSE* ↓ PSNR ↑ Joint Err. ↓

Pose (ppo) 49.47 0.948 6.12 4.37 25.86 23.33 38.77 0.970 1.25 3.41 26.93 6.37
Interest bbox (pib) 51.83 0.942 6.89 5.69 24.99 24.01 41.03 0.964 1.44 4.87 25.99 11.18
Entire bbox (peb) 52.28 0.941 6.32 5.66 25.07 28.23 41.35 0.963 1.37 5.04 25.78 11.84
Pose & Interest bbox (ppoib) 49.35 0.947 6.03 4.56 25.69 22.15 38.67 0.970 1.31 3.42 26.60 6.21
Pose & Entire bbox (ppoeb) 49.42 0.946 6.12 4.89 25.49 21.96 38.51 0.971 1.33 3.48 26.74 6.15

Table S1. Quantitative comparison across different user prompts.

ppo pib peb ppoib ppoeb

∆ JE 6.43 5.75 1.53 7.61 7.80
∆ JE pp 1.07 2.86 0.77 0.95 0.98

Table S2. Quantitative comparison of prompt efficiency. We
report the absolute gain in joint error (∆JE) and the per-point gain
(∆JE pp) for different user prompts. While pose-based prompts
yield larger absolute gains, the interest-region bbox prompt pib

achieves the largest per-point gain, indicating efficient improve-
ments with minimal user input.

model sometimes generates a left arm within the entire-
region bbox (the peb column of Fig. S1(A)), and when the
input already satisfies this bbox constraint, it may fail to re-
construct the occluded leg (the peb column of Fig. S1(B)).
Similar to the interest-region bbox pib, the poses remain
variable within the bbox, as seen in the peb column of
Fig. S1(C).

This issue can be mitigated by providing both a bbox
prompt and a pose prompt as the user prompt. Regard-
less of bbox type, combining a pose with either an interest-
region or entire-region bbox (ppoib, ppoeb) yields images that
are consistent across samples and satisfy both the pose and
bbox constraints simultaneously.

S1.2. Additional Quantitative Results

For a more detailed analysis, we evaluate our method on
both the OccThuman2.0 and AHP test datasets and report
the results for all metrics described in Sec. 4.3 of the main
paper in Table S1.

Across both datasets, bbox prompts (pib, peb) yield
higher joint error than the pose prompt ppo. This pattern
is consistent with the qualitative examples in Fig. S1, where
bbox prompting allows diverse poses within the specified
region. In addition, the entire-region bbox prompt peb gen-
erally performs worse than the interest-region bbox prompt
pib, as shown in Fig. S1, where the less specific entire-
region constraint can lead to incomplete reconstructions of
occluded parts or spurious content within the bbox.

Combining pose and bbox prompts (ppoib, ppoeb) yields
overall performance comparable to the pose-only setting.
In addition, it provides a small but consistent reduction in
joint error across both datasets, regardless of bbox type.

S1.3. Prompt Efficiency under User Effort

Different prompts provide distinct levels of structural guid-
ance and require different amounts of user input. The pose
prompt ppo provides joint-level structural cues, but under se-
vere occlusion it may require many input points to specify
a reliable pose. In contrast, bbox prompts (pib, peb) require
only two input points, providing a lightweight way to local-
ize the target synthesis region.

To quantify prompt efficiency with respect to user ef-
fort, we report both the absolute gain in joint error (∆JE)
and the gain per input point (∆JE pp) in Table S2. Pose-
based prompts (ppo, ppoib, ppoeb) yield larger absolute gains,
reflecting the benefit of stronger structural constraints. The
interest-region bbox prompt pib achieves the highest per-
point gain, indicating efficient improvements with minimal
user input. In contrast, the entire-region bbox prompt peb
provides the weakest constraint, as discussed in Secs. S1.1
and S1.2. This encourages diverse plausible generations
within the bbox; consequently, peb yields the lowest gains in
both ∆JE and ∆JE pp when evaluated against the ground-
truth pose. Finally, combining pose and bbox prompts
(ppoib, ppoeb) results in higher absolute gains than single-
prompt settings, but lower per-point gains than ppo and pib,
reflecting the increased user effort required by the combined
prompts.

Overall, supporting multiple prompt types enables flexi-
ble trade-offs between performance and user effort, allow-
ing users to select prompts that best match the difficulty of
occlusion and the desired level of interaction.

S2. Detailed Implementations

S2.1. OccThuman2.0 Dataset

As discussed in Sec. 4.1 of the main paper, we construct
the OccThuman2.0 dataset from THuman2.0 [16] for train-
ing and evaluation. Fig. S2 illustrates the dataset construc-
tion pipeline for 10 views of a single subject. For each
subject, we first render 10 views from the corresponding
3D mesh, following prior work on clothed human recon-
struction [5, 6, 14]. From the rendered images, we esti-
mate 2D human poses using OpenPose [3]. We then apply
the same augmentations, including horizontal flip, vertical
flip, rotation, and scaling, to both the images and the poses.
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Figure S2. Construction pipeline of the OccThuman2.0
dataset. For each THuman2.0 mesh, we render 10 views and ap-
ply per-view data augmentations and background-occlusion com-
positing to generate 10 composited images. Repeating this pro-
cess across all 526 meshes produces a total of 5,260 composited
images.

Each augmentation is applied independently with a proba-
bility of 30%. When rotation is applied, we sample a sin-
gle angle θ′ from a uniform distribution θ′ ∼ U [0◦, 360◦).
When scaling is applied, we sample a single scale factor
s′ ∼ U [0.5, 1.5] to prevent the person from becoming ex-
cessively small or large. At this stage, the rendered images
cover diverse person orientations and scales but contain no
backgrounds or occlusions.

We composite backgrounds using images randomly sam-
pled from Places2 [19] and synthesize occlusions by over-
laying randomly sampled MSCOCO [7] object instances
onto the images, following previous work on amodal com-
pletion [10, 11, 17]. Since the last four subjects in THu-
man2.0 (0522-0525) are scans of the same person, we use
the corresponding 40 images (4 subjects × 10 views) for
testing and the remaining 5,220 images corresponding to
522 subjects (0000-0521) for training. For each subject, we
sample a target occlusion ratio from a Gaussian distribu-
tion and ensure that the final set of ratios follows this tar-
get distribution. We use the GT complete images (before
background and occlusion compositing) to train the coarse
image generation diffusion model ϵcig and the ControlNet
ΦCN, and the GT invisible masks to train the invisible mask
prediction U-Net Uiv.

S2.2. Invisible Mask Prediction U-Net

To train the invisible mask prediction U-Net Uiv, we first
train the coarse image generation DM and the ControlNet.
Following Sec. 4.2 of the main paper, we generate 16 coarse
complete images Icc for each training input image Iic. Dur-
ing the training of Uiv, we randomly select one of these 16
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Figure S3. Prompt image for MCLD. MCLD uses a DensePose-
based UV map as its conditioning input instead of a 2D pose map.
We obtain the target UV map from the occlusion-free complete
image and perform MCLD inference conditioned on this UV map.

coarse complete images as input. We use the AdamW opti-
mizer with a learning rate of 1 × 10−4 and a weight decay
of 1 × 10−4. A single invisible mask prediction step takes
approximately 0.02 seconds per image (about 50 fps) on a
single RTX 3090 GPU. During training, each term of the
loss in Eq. (13) of the main paper is computed as follows:

LBCE = − 1

N

N∑
i=1

[
p∗i log pi + (1− p∗i ) log(1− pi)

]
, (S1)

LDice = 1−
2
∑N

i=1 pip
∗
i + δ∑N

i=1 pi +
∑N

i=1 p
∗
i + δ

, (S2)

where pi = Miv(i) and p∗i = M∗
iv(i) denote the predicted

and GT invisible mask values at pixel i, respectively, and
N denotes the number of pixels. δ = 1 × 10−6 is a small
positive constant added for numerical stability to prevent
division by zero.

S2.3. Refinement Network
We use a pre-trained Stable Diffusion XL (SDXL)
model [12] as the refinement network ΦRF. Since SDXL
is optimized for a resolution of 1024 × 1024, we resize the
baseline composite image Ibase to 1024× 1024 before feed-
ing it into ΦRF. For evaluation, all generated images are re-
sized to a fixed resolution to ensure a fair comparison across
methods. We fix the number of refinement steps to 20 and
set the noise strength to s = 0.5, based on the ablation study
in Table 3 of the main paper. With these settings, denois-
ing begins at timestep t0 = 380. We set the classifier-free
guidance scale to 1.5 and use the diffusers/stable-
diffusion-xl-1.0-inpainting-0.1 checkpoint
from the Diffusers library [13]. The refinement step takes
approximately 4 seconds per image (about 0.25 fps) on a
single RTX 3090 GPU.

S2.4. Prompt Image
As described in Sec. 3.3 of the main paper, our approach
takes as input simple, user-friendly prompts P consisting of



Method
OccThuman2.0 AHP

mIoU ↑ L1* ↓ mIoU ↑ L1* ↓

pix2gestalt [11] 48.26 39.74 48.97 22.04
SDHDO [10] 51.86 33.58 51.47 21.35

Ours 87.84 6.04 77.87 7.89

Table S3. Quantitative results for invisible mask prediction.
Previous amodal completion methods [10, 11] do not use the
coarse complete image Icc as input, so their results are not directly
comparable.

only a few points. For the pose prompt ppo, the input con-
sists of the indices and 2D coordinates of additional joints
beyond the visible ones. Given these user-specified joints,
we convert the 2D pose from the OpenPose keypoint format
to the COCO format [7] and, following ControlNet [18],
render it as a 2D pose map with a fixed color mapping and
parent-child relations. This pose map is used as the prompt
image Ip.

For the bbox prompts pib and peb, the input consists of
two points corresponding to the top-left and bottom-right
corners. We construct the corresponding axis-aligned bbox
and visualize its boundary with a fixed thickness, setting
boundary pixels to 255 (white) and all other pixels to 0
(black). When the thickness is set to 1, the resulting bbox
image has a one-pixel boundary. In practice, we fix the
thickness to 4 for both training and inference. To improve
robustness to noisy user-provided bbox prompts, we aug-
ment the bbox during training by randomly scaling it and
jittering its corner coordinates with 50% probability. When
using both pose and bbox prompts (ppoib, ppoeb), we con-
catenate their corresponding prompt images along the chan-
nel dimension to form the final prompt image Ip.

As noted in Sec. S1.1, because most previous methods
accept a 2D pose map as input, we use only the prompt
image derived from the pose prompt ppo for comparison.
Because MCLD [8] is conditioned on a UV map [4], we
use the UV map extracted from the occlusion-free complete
image as the prompt image Ip. Fig. S3 shows the UV map
prompt used to generate the MCLD results in Fig. 1 of the
main paper. The UV map provides not only pose informa-
tion but also regional coverage, supplying cues that help the
model generate a plausible human shape. Such regional in-
formation is not available in a 2D pose map.

S3. Additional Results

S3.1. Invisible Mask

In this section, we present quantitative and qualitative re-
sults for the invisible mask prediction U-Net Uiv. To eval-
uate performance, we report invisible mask prediction re-
sults on both OccThuman2.0 and the AHP real test dataset,
measuring performance using mean Intersection over Union

Input image 𝑰𝐢𝐜 Coarse complete images 𝑰𝐜𝐜 Predicted invisible masks 𝑴𝒊𝒗 GT invisible mask

Figure S4. Qualitative results for invisible mask prediction.
Given the coarse complete image Icc, Uiv predicts invisible masks
Miv that closely match the ground truth.

(mIoU) and L1 loss. Table S3 compares our method with
previous amodal completion methods [10, 11]. These meth-
ods do not take the coarse complete image Icc as input;
therefore, their results are not directly comparable and are
provided for reference only. Predicting the invisible mask
Miv from the incomplete image Iic and the visible mask Mv
alone is under-constrained, whereas coarse completion pro-
vides Icc as a hypothesis over the invisible regions. Con-
ditioning Miv on Icc therefore encourages consistency be-
tween coarse completion and invisible-region localization.

As shown in Fig. S4, when using the coarse complete
image Icc as input, Uiv predicts invisible masks that closely
match the GT invisible mask. To improve robustness to
noisy or structurally imperfect coarse completions, we train
Uiv with multiple randomly sampled Icc candidates per GT
mask. For a single input image Iic, the stochastic sampling
scheme generates multiple distinct coarse complete images
Icc, and we predict an invisible mask Miv for each sample.
Since the input image is identical across samples, the GT
invisible mask is the same for all of them.

S3.2. Refinement Process

Our refinement process addresses two issues: degradation
of the visible appearance in the coarse complete image Icc
and boundary artifacts introduced by naı̈ve compositing to
form the base composite image Ibase. The degradation in the
visible region can be partially mitigated by compositing the
coarse complete image Icc with the input image Iic using
the visible region mask Mv to obtain the base composite
image Ibase, as in Eq. (11) of the main paper. However,
the base composite image Ibase still suffers from boundary
artifacts and fails to blend the appearance smoothly across
regions. To address these issues, we adopt an inpainting-
based refinement process.

As shown in the blue bboxes in Fig. S5, the coarse com-
plete image Icc exhibits degradation in fine-grained facial
details. In contrast, the refined complete image Irc produced
by the refinement network ΦRF closely matches the input
in the facial region and preserves fine-grained details. As
shown in the red bboxes in Fig. S5, the base composite im-



Method User Prompt
OccThuman2.0 test dataset (synthetic) AHP test dataset (real)

LPIPS* ↓ SSIM ↑ KID* ↓ MSE* ↓ PSNR ↑ Joint Err. ↓ LPIPS* ↓ SSIM ↑ KID* ↓ MSE* ↓ PSNR ↑ Joint Err. ↓

pix2gestalt [11] - 90.11 0.911 16.51 7.58 22.63 36.65 75.73 0.942 5.98 5.22 24.06 10.96
pix2gestalt [11]† 2D pose map 88.58 0.914 16.75 6.93 22.94 31.37 75.25 0.943 6.35 4.87 24.25 10.42
SDHDO [10] 2D pose map 81.39 0.924 16.41 7.05 23.80 43.49 64.19 0.956 6.05 6.05 24.45 9.24
Ours - 53.19 0.939 6.23 5.69 25.03 29.76 41.99 0.964 1.60 4.79 25.86 13.23
Ours 2D pose map 49.47 0.948 6.12 4.37 25.86 23.33 38.77 0.970 1.25 3.41 26.93 6.37

Table S4. Quantitative comparison for PHAC. This table largely mirrors Table 1 of the main paper, but additionally includes the results
of our method evaluated without a user prompt. To avoid redundancy, PGPIS results are omitted. † indicates the use of the same user
prompt injected through a pre-trained ControlNet.
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Figure S5. Qualitative results for the refinement process. (A)
Results on the AHP dataset and (B) results on the OccThuman2.0
dataset. The blue bboxes compare the facial regions of the input
image Iic, the coarse complete image Icc, and the refined image Irc

to assess preservation of visible appearance. The red bboxes com-
pare the boundary regions of the input image Iic, the base compos-
ite image Ibase, and the refined image Irc to verify smooth blending
without boundary artifacts.

age Ibase produces boundary artifacts and does not blend the
appearance smoothly across regions. In contrast, the refined
image Irc mitigates boundary artifacts and achieves seam-
less blending across regions. The refinement network ΦRF
takes the base composite image Ibase as input, rather than
the coarse complete image Icc.

S3.3. Without Prompt Conditioning

Existing amodal completion [9, 11, 15] and HAC [10, 20]
approaches are not designed to take user prompts as input.
Consequently, although the proposed method accepts sim-
ple, user-friendly prompts, it is restrictive to assume that
they are always available. To reduce prompt dependency,
we apply prompt dropout during training, where the prompt
image Ip is replaced with an all-zero image with a proba-
bility of 5%. With this training strategy, our method can
perform HAC without a user prompt.

As shown in Table S4, performance without a user
prompt is slightly worse across all metrics than in the 2D
pose-prompted setting, with the largest degradation ob-

Method
OccThuman2.0 AHP

LPIPS* ↓ SSIM ↑ MSE* ↓ PSNR ↑ LPIPS* ↓ SSIM ↑ MSE* ↓ PSNR ↑

PIDM [2] 88.43 0.862 16.16 19.31 120.85 0.835 20.40 17.51
MCLD [8] 76.77 0.894 11.48 20.73 101.23 0.880 11.82 20.05
pix2gestalt [11] 48.49 0.976 1.37 29.05 52.81 0.971 1.55 28.55
SDHDO [10] 38.08 0.996 0.32 35.23 37.71 0.994 0.32 35.27
Ours 13.72 0.998 0.17 37.93 15.65 0.998 0.14 38.85

Table S5. Quantitative comparison for PHAC in the visible
region. We compute LPIPS, SSIM, MSE, and PSNR on the visible
(non-occluded) regions of the input image to measure fidelity to
the input.

Method
OccThuman2.0 AHP

LPIPS* ↓ SSIM ↑ MSE* ↓ PSNR ↑ LPIPS* ↓ SSIM ↑ MSE* ↓ PSNR ↑

PIDM [2] 51.99 0.908 11.50 21.37 27.44 0.966 4.92 26.03
MCLD [8] 47.67 0.927 7.65 23.25 23.94 0.974 3.34 27.24
pix2gestalt [11] 45.79 0.932 6.36 24.32 23.96 0.972 3.67 27.43
SDHDO [10] 47.14 0.926 6.90 24.22 27.57 0.960 5.73 25.39
Ours 36.85 0.950 4.29 26.15 23.05 0.973 3.28 27.60

Table S6. Quantitative comparison for PHAC in the invisible
region. Using the same metrics as Table S5, we compute them on
the invisible (occluded) regions to measure reconstruction fidelity,
conditioned on the visible appearance of the input image.

served in joint error. Nevertheless, our approach achieves
the best performance on most metrics compared with previ-
ous methods that use a 2D pose map as the user prompt. As
Table S4 is nearly identical to Table 1 of the main paper, we
do not repeat the PGPIS results in this table. The detailed
results for the PGPIS methods are reported in Table 1 of the
main paper.

S3.4. Region-wise Quantitative Results
Table 1 of the main paper reports quantitative results over
the entire image, covering both visible and invisible regions.
We additionally report region-wise quantitative results for
the visible and invisible regions in Tables S5 and S6, respec-
tively. Since we evaluate the visible and invisible regions
separately, whole-image metrics such as KID and joint er-
ror are not applicable. We therefore report only reconstruc-
tion metrics (MSE, PSNR) and perceptual quality metrics
(LPIPS, SSIM).

As shown in Table S5, PIDM and MCLD tend to over-
fit the training set, failing to preserve the visible appear-
ance and resulting in weak performance in the visible re-



PIDM

pix2gestalt

MCLD

SDHDO

Ours

(A)

Multi-condition
inputs

(B) (C) (D)

Figure S6. Additional qualitative comparison for PHAC. (A, B): AHP test examples, where previous methods either hallucinate appear-
ance, lose fine-grained details, or fail to complete occluded regions. In contrast, our method preserves the visible appearance and aligns
with the pose condition. (C, D): OccThuman2.0 test examples under severe occlusions, where previous methods often produce implausible
or pose-misaligned results. In contrast, our method synthesizes occluded regions that remain consistent with both the visible appearance
and the pose condition.

gion across datasets. Amodal completion methods bet-
ter preserve the visible regions than PGPIS methods, with
SDHDO substantially outperforming pix2gestalt. With the
refinement network, our method further improves perfor-
mance and outperforms all previous methods on all metrics.

As shown in Table S6, the gap between PGPIS and
amodal completion methods is comparatively modest in the
invisible region, in contrast to the larger gap observed in Ta-
ble S5. On OccThuman2.0, we obtain the best overall per-
formance, with a clear margin over the top three competing
methods [8, 10, 11], while on AHP our approach leads on
three of the four metrics.

S3.5. Additional Qualitative Results
In this section, we present additional qualitative results for
PHAC in Figs. S6–S8. Fig. S6 shows results on the AHP
test dataset (A, B) and the OccThuman2.0 test dataset (C,
D). Fig. S7 presents in-the-wild results on MSCOCO [7]

and MPII [1], and Fig. S8 provides additional examples un-
der severe occlusions. As described in Sec. S2.4, we con-
struct the prompt images from the multi-condition inputs in
Fig. S6, and all baselines are conditioned on the same 2D
pose map except that MCLD uses a DensePose UV map
and pix2gestalt does not use an explicit conditioning input.

As shown in Fig. S6(A, B), PIDM and MCLD halluci-
nate appearance rather than preserving the visible appear-
ance in the input image. In contrast, pix2gestalt often fails
to complete occluded regions (Fig. S6(A)) and generates
images that lack fine-grained detail, particularly in the fa-
cial region (Fig. S6(B)). SDHDO preserves the visible ap-
pearance more faithfully, but produces blurry images and
may still fail to reconstruct occluded regions, similar to
pix2gestalt. Overall, our method consistently produces im-
ages that align with the pose condition while preserving the
visible appearance.

Fig. S6(C, D) presents OccThuman2.0 results under
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Figure S7. In-the-wild qualitative results. We show in-the-wild
results of our method on a grayscale MSCOCO example (A) and
an unseen-identity MPII example (B).
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Figure S8. Severe-occlusion qualitative results. We show inter-
mediate outputs (Icc, M ′

iv) and the final output (Irc) of our method
under severe occlusions. (A): AHP real example (76% occlusion).
(B): OccThuman2.0 example (53% occlusion). Each row uses a
different random seed.

more severe occlusions than (A, B). Under heavy occlu-
sions, PIDM often fails to produce a plausible person image.
Due to errors in UV map estimation, MCLD may transfer
occluder appearance into the output and produce implausi-
ble results. SDHDO and pix2gestalt yield either implausi-
ble (Fig. S6(C)) or pose-misaligned outputs (Fig. S6(D)). In
contrast, our method reconstructs occluded regions consis-
tent with the visible appearance and closely aligns the syn-
thesized content with the pose condition, producing plau-
sible person images even under severe occlusions. For ex-
ample, in Fig. S6(D), other methods fail to reconstruct the
right hand correctly, whereas our method synthesizes it con-
sistently with the pose condition.

Fig. S7 reports in-the-wild results of our method, where
(A) shows a grayscale MSCOCO example and (B) shows

LPIPS* ↓ KID* ↓ MSE* ↓ PSNR ↑ Joint Err. ↓

w/o dil 49.86 6.54 4.59 25.63 23.73
w/ dil 49.47 6.12 4.37 25.86 23.33

Table S7. Quantitative comparison of our method with and
without dilation. Invisible mask dilation is used as a conserva-
tive margin for boundary uncertainty and has a marginal impact
on metrics.

an unseen-identity MPII example. These results demon-
strate that our method can perform PHAC on in-the-wild
data while preserving the visible appearance of the input
image and remaining consistent with the input pose.

We additionally provide qualitative results under severe
occlusions in Fig. S8. For each example, we visualize the
multi-condition inputs as well as the intermediate and final
outputs of our method: the coarse complete image Icc, the
dilated invisible mask M ′

iv, and the refined complete image
Irc. Fig. S8(A) shows an AHP real example where approxi-
mately 76% of the human body is occluded, and Fig. S8(B)
shows an OccThuman2.0 example with approximately 53%
occlusion. Each row corresponds to a different random seed
during inference. Even in these severe-occlusion cases, our
method robustly aligns with the input pose and produces
plausible Icc, M ′

iv, and Irc. Due to the limited visible-
appearance cues under heavy occlusion, varying the seed
can lead to different texture realizations in the invisible re-
gions, while maintaining pose consistency. For reference,
the OccThuman2.0 examples in Fig. S6(C, D) correspond
to approximately 58% and 43% occlusion, respectively.

S3.6. Effect of Invisible Mask Dilation
As discussed in Sec. 3.4, we use invisible mask dilation only
as a conservative margin to account for boundary uncer-
tainty in the predicted invisible region. Table S7 reports an
ablation comparing our method with and without dilation on
the OccThuman2.0 test dataset. Dilation yields consistent
but marginal improvements across metrics, indicating that
it has limited impact on overall performance while provid-
ing a safer margin around uncertain occlusion boundaries.
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