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Figure 1. Assume that, as in (A), a single input image is paired with multiple target poses. The desired behavior is that each generated
image aligns with its target pose while preserving the visible appearance. However, prior human amodal completion (HAC) methods such
as SDHDO [39] often fail to align with the specified pose, as shown in (B), despite leveraging pose information. Pose-guided person
image synthesis (PGPIS) methods such as MCLD [28] align well with the pose condition but degrade the visible appearance of the input,
especially around the shoes, as shown in (C). While SDHDO preserves the visible appearance better than MCLD, its results remain blurry
and show noticeable degradation. In contrast, given the multi-condition inputs in (A), our method simultaneously aligns with the target
pose and preserves the visible appearance, producing the user-intended human image.

Abstract

Conditional image generation methods are increasingly
used in human-centric applications, yet existing human
amodal completion (HAC) models offer users limited con-
trol over the completed content. Given an occluded person
image, they hallucinate invisible regions while preserving
visible ones, but cannot reliably incorporate user-specified
constraints such as a desired pose or spatial extent. As a
result, users often resort to repeatedly sampling the model
until they obtain a satisfactory output. Pose-guided per-
son image synthesis (PGPIS) methods allow explicit pose
conditioning, but frequently fail to preserve the instance-
specific visible appearance and tend to be biased toward
the training distribution, even when built on strong diffu-
sion model priors. To address these limitations, we in-
troduce promptable human amodal completion (PHAC), a
new task that completes occluded human images while sat-
isfying both visible appearance constraints and multiple
user prompts. Users provide simple point-based prompts,
such as additional joints for the target pose or bounding
boxes for desired regions; these prompts are encoded us-
ing ControlNet modules specialized for each prompt type.

These modules inject the prompt signals into a pre-trained
diffusion model, and we fine-tune only the cross-attention
blocks to obtain strong prompt alignment without degrad-
ing the underlying generative prior. To further preserve
visible content, we propose an inpainting-based refinement
module that starts from a slightly noised coarse comple-
tion, faithfully preserves the visible regions, and ensures
seamless blending at occlusion boundaries. Extensive ex-
periments on the HAC and PGPIS benchmarks show that
our approach yields more physically plausible and higher-
quality completions, while significantly improving prompt
alignment compared with existing amodal completion and
pose-guided synthesis methods.

1. Introduction

Image generation has been widely adopted in recent years
and continues to attract strong interest. In particular, con-
ditional image generation, which synthesizes images that
satisfy user-specified conditions, has attracted increasing at-
tention relative to unconditional generation, which produces
diverse images without explicit guidance. For conditional
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image generation, beyond output quality and realism, it is
crucial that models be easily controlled with diverse user
prompts and that the generated results faithfully align with
these prompts. In practice, users frequently refine and share
text prompts to better express their intended conditions, and
frameworks such as ControlNet [62] are widely used to han-
dle diverse conditioning inputs.

Human amodal completion (HAC) takes an image of an
occluded human as input and synthesizes a plausible hu-
man shape and appearance in the occluded regions while
preserving the visible content. Therefore, HAC can be
viewed as a form of conditional image generation. Pro-
ducing a complete human image from an incomplete input
enables downstream applications such as novel-view syn-
thesis, 3D avatar generation, and user-guided photo edit-
ing. For these reasons, amodal completion, including HAC,
remains an active research topic. However, existing ap-
proaches [7, 30, 34, 39–41, 53, 55, 59, 67] generally cannot
incorporate user-specified prompts as conditioning signals.
For example, when a user provides a desired pose for an
occluded person, there is no straightforward way to enforce
that pose during generation. As a result, users may need to
run the model multiple times to obtain a satisfactory result,
and models often produce implausible human completions
in the process. Recent works [39, 40] can inject pose condi-
tions using pre-trained ControlNet modules [62]. However
the generated images often remain poorly aligned with the
given pose constraint, as shown in Fig. 1(B).

A promising direction for addressing these limitations is
pose-guided person image synthesis (PGPIS). PGPIS takes
a source image, a source pose, and a target pose as in-
put, and synthesizes an image that aligns with the target
pose while remaining consistent with the source appear-
ance. In this regard, PGPIS can be viewed as conditional
image generation, where the source image provides appear-
ance information and the target pose serves as the pose con-
dition. In the HAC setting, the target pose contains all visi-
ble joints from the source pose while adding only the invis-
ible ones. The target image should preserve the visible re-
gions while satisfying this extended pose condition. Despite
leveraging the strong priors of pre-trained diffusion models
(DMs) [14, 47], existing PGPIS methods [3, 12, 28, 31] of-
ten struggle to maintain instance-specific visible appearance
and instead tend to produce content reflecting the training
distribution, as illustrated in Fig. 1(C).

Both amodal completion and PGPIS require synthesiz-
ing plausible human appearance in invisible regions based
on the visible context. Recent approaches improve perfor-
mance by leveraging DM priors or fine-tuning the mod-
els. However, latent space denoising tends to discard fine-
grained visible details. To mitigate this issue, previous work
has fine-tuned decoders to reduce information loss in visi-
ble regions [1, 39] or has used UV coordinate-based tex-

ture maps [11] to preserve appearance [12, 28]. Neverthe-
less, decoder fine-tuning may introduce blurry outputs and
blending artifacts at mask boundaries, while texture map ap-
proaches often lose details when UV coordinates are noisy.

To overcome these limitations, we introduce a new task
called promptable human amodal completion (PHAC). The
goal is to generate human images that satisfy both the
visible appearance constraints and multiple user-specified
prompts, in which users can specify prompts using only
a few points. For pose prompts, the user specifies addi-
tional joints for the desired pose given the visible ones. For
bounding-box (bbox) prompts, the user simply selects two
points. We treat these simple prompts, together with the oc-
cluded input image, as conditioning signals for HAC. Con-
sequently, unlike prior HAC [39, 67] and general amodal
completion [30, 40, 53, 59] methods, our generated images
can reflect user-specified constraints. Beyond steering gen-
eration toward user intention, prompts also provide auxil-
iary guidance for the invisible regions, which enables the
diffusion model to produce more physically plausible and
higher-quality results. The prompts are injected into the de-
noising U-Net via ControlNet modules specialized for each
prompt type. To preserve the rich priors of pre-trained DMs
while achieving strong prompt alignment, we fine-tune only
the cross-attention blocks [13].

While the generated human image aligns with the user
prompts, the visible appearance can still degrade dur-
ing latent space denoising and variational autoencoder
(VAE) [22] reconstruction. To address this issue, we refine
the generated image using an inpainting model [42]. Stan-
dard inpainting models synthesize pixels within a masked
region and blend them into the surrounding context. By in-
stead using a model that preserves unmasked regions and
seamlessly fuses the synthesized content, our refinement
step maintains the visible appearance and yields a coher-
ent final image. The refinement module takes the coarse
completion, the incomplete image, and the invisible-region
mask as inputs, preserves the visible regions exactly, and
applies only a small amount of denoising to ensure smooth
blending. Denoising from a low noise level, rather than
from pure random noise, further helps retain both visible
and generated details and preserves boundary consistency.

The key contributions of this work are as follows:
• We introduce the new task of promptable human amodal

completion, which completes occluded human images
while satisfying both visible appearance constraints and
user-specified prompts. We also present the first frame-
work to address this task.

• We propose an inpainting-based refinement module that
preserves the visible appearance and synthesized content
while maintaining boundary continuity. This module can
also serve as a plug-and-play component for improving
the outputs of other diffusion models.
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• We demonstrate, through extensive quantitative and qual-
itative evaluations, that our approach achieves superior
prompt alignment and produces more physically plausi-
ble and higher-quality images than existing amodal com-
pletion and PGPIS methods.

2. Related Work
2.1. Conditional Image Generation
Conditional image generation aims to synthesize images
that satisfy specified conditions. Early work explored con-
ditioning mechanisms in VAEs [2, 50] and generative adver-
sarial networks (GANs) [10, 36]. Subsequent GAN-based
methods extended conditioning to image-to-image transla-
tion [18, 68] and text-guided image generation [54, 60].
DMs [14, 47] further advanced conditional synthesis, par-
ticularly in large-scale text-to-image generation [38, 45,
48]. However, text prompts alone often fail to express fine
spatial constraints such as geometry or human pose. Con-
trolNet [62] addresses this limitation by injecting image-
based structural cues (e.g., 2D poses and normal maps) into
a pre-trained DM. While ControlNet improves spatial con-
trollability, faithfully preserving the detailed appearance of
a specific person remains challenging.

2.2. Amodal Completion
Amodal completion aims to recover both the amodal region
and RGB content of occluded areas. Early work predicted
only the amodal region, using bounding boxes [15, 20] or
amodal masks [5, 9, 16, 21, 25, 26, 43, 46, 51, 65, 69], and
subsequent studies inferred amodal masks directly from vis-
ible masks [37, 58]. Later two-stage approaches [7, 41, 55,
59] first reconstructed the occluded region and then synthe-
sized its RGB appearance. Although effective within train-
ing distributions, these methods often struggle to generalize
to complex or unseen occlusion patterns. To improve ro-
bustness, prior work restricted the problem to specific cate-
gories such as hands [34] or full-body humans [39, 67], and
diffusion-based methods [40, 53] leveraged pre-trained gen-
erative priors to enhance zero-shot performance. However,
existing methods do not support user-specified conditioning
and may still lose fine visible details due to denoising.

2.3. Pose-Guided Person Image Synthesis
PGPIS methods synthesize images that align with a target
pose while preserving the source appearance. Early PGPIS
approaches relied on GANs [6, 32, 33, 49, 61], while later
methods improved pose-texture interaction using attention
mechanisms [70] and transformer-based architectures [63].
More recent diffusion-based approaches [3, 12, 28, 31]
inject the source appearance and target pose into the la-
tent space of pre-trained DMs. Nonetheless, these mod-
els are often biased toward training datasets such as Deep-

Fashion [29], and may synthesize appearance that reflects
dataset-specific biases rather than preserving the instance-
specific visual characteristics of zero-shot inputs.

2.4. Prompts and Human Interaction
User prompting provides an effective mechanism for steer-
ing model behavior when automatic inference does not
align with user intention. In computer vision, SAM [23]
supports point- or box-based prompts to generate segmen-
tation masks, while text-to-image DMs such as Stable Dif-
fusion [47] accept text prompts and structural conditions
via ControlNet [62]. Other recent works utilize spatial or
semantic prompts for controllable generation, including se-
mantic palettes [24], spatial cues for mesh or image gen-
eration [17, 19], and auxiliary prompts that improve tasks
such as human mesh recovery [52], pose estimation [56],
and 3D object detection [64]. These studies demonstrate the
effectiveness of lightweight prompting for guiding complex
models. However, to the best of our knowledge, existing ap-
proaches neither address amodal completion with multiple
prompt types nor integrate user-specified prompts with visi-
ble appearance constraints, which is the focus of our work.

3. Proposed Method
3.1. Preliminary: Conditional Latent Diffusion
DMs synthesize images by progressively denoising a sam-
ple that is initially drawn from random noise. Since per-
forming this process directly in pixel space is computation-
ally expensive and scales with image resolution, recent ap-
proaches adopt latent diffusion models, which operate in the
latent space of a VAE. In this setting, the DM incorporates
text embeddings and ControlNet-based conditioning signals
into the denoising process.

For an input image I , the VAE encoder produces the
clean latent z0 = E(I). The noisy latent zt at timestep t
is obtained via the forward diffusion process:

zt =
√
ᾱtz0 +

√
1− ᾱtϵ, (1)

where ᾱt =
∏t

s=1 αs is defined by the diffusion schedule,
and ϵ ∼ N (0, I).

To synthesize images aligned with the given conditions
from zt, the denoising U-Net ϵθ and the ControlNet are
trained with the following objective:

L = Ez0,ϵ,t,cte,cpr

[∥∥ϵ− ϵθ(zt, t, cte, cpr)
∥∥2
2

]
, (2)

where cte denotes the text embedding extracted from a CLIP
encoder [44], and cpr denotes the ControlNet-derived con-
ditioning signal produced from the user-specified prompt.

3.2. Promptable Human Amodal Completion
PHAC aims to synthesize a complete person image from
an occluded input while preserving the input’s visible ap-
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Prompt image 𝑰𝒑

Figure 2. User prompts. Users specify the intended pose with
point prompts, which we use to condition the model. For the pose
prompt ppo, we use OpenPose [4] to detect the visible joints, show
them to the user, who then adds the missing joints for the desired
pose. Alternatively, the user selects two points to specify a bbox
prompt, choosing either an interest-region bbox pib or an entire-
region bbox peb. To provide fine-grained control, the pose and
bbox prompts can be combined, yielding ppoib or ppoeb. To make
effective use of the spatial information, we convert the point coor-
dinates into a prompt image Ip and use it as a conditioning input.

pearance and aligning with user-specified prompts. Prior
amodal completion methods make different input assump-
tions: they either require an accurate visible-region mask
as input [30, 59, 67] or do not accept user-specified
prompts [40, 53]. Although PGPIS takes as input a source
image and a target pose, which are similar to our inputs, it
is restricted to a single prompt type (e.g., pose map [3, 31]
or UV map [12, 28]). Our approach takes a user prompt as
a conditioning input, including a pose prompt and a bbox
prompt that specifies the region to synthesize. For a pose
prompt, given the visible joints, the user only needs to add
the additional joints for the desired pose; for a bbox prompt,
the box can either specify only the interest region for syn-
thesis or span the entire region, including visible regions.
The pose and bbox prompts can also be combined. As il-
lustrated in Fig. 2, the user selects any of five prompt types
and uses it as the user prompt P , defined as:

P ∈ {ppo, pib, peb, ppoib, ppoeb}, (3)

where ppo is the pose prompt; pib and peb are the bbox
prompts for the interest region and the entire region, re-
spectively. ppoib and ppoeb denote composite prompts that
combine a pose prompt with an interest-region bbox or an
entire-region bbox, respectively.

The PHAC network ΦPHAC takes an incomplete human
image Iic and the user prompt P as inputs and outputs a

complete human image Ic as follows:

Ic = ΦPHAC(Iic, P ). (4)

The proposed method injects the prompt-based condi-
tioning signal cpr, which is computed by a ControlNet ΦCN
specialized for each prompt type, into the coarse image gen-
eration network ΦCIG. Conditioned on cpr, ΦCIG takes the
incomplete image Iic and the visible mask Mv as inputs and
produces a coarse complete image Icc, formulated as:

cpr = ΦCN(P ), Icc = ΦCIG(Iic,Mv, cpr). (5)

To mitigate degradation of the visible appearance arising
from latent space denoising and VAE reconstruction, the re-
finement network ΦRF takes as input the incomplete image
Iic, the coarse completion Icc, the visible-region mask Mv,
and the invisible-region mask Miv, and outputs the refined
complete image Irc as:

Irc = ΦRF(Iic, Icc,Mv,Miv). (6)

The coarse image generation network and the refinement
network are described in detail in Secs. 3.3 and 3.4, respec-
tively.

3.3. Coarse Image Generation Network
User prompt. In PHAC, the user prompt encodes spatial
information about the desired pose, and the goal is to syn-
thesize an image conditioned on this information. Prompts
that impose strong constraints on occluded regions, such as
3D cues (e.g., depth or normal maps) or an invisible mask,
can serve as high-quality prompts. In practice, however,
such prompts are difficult for users to create and provide
to the network. To balance prompt effectiveness with us-
ability, we instead define user-friendly point prompts that
require only a small set of points on the image. To obtain
the pose prompt ppo, we first detect the visible joints with an
off-the-shelf 2D pose estimator [4]. Given the detected vis-
ible joints, the user adds the missing joints for the desired
pose; these user-specified points form the pose prompt ppo
(orange points in Fig. 2). For the bbox prompts pib and peb,
the user specifies two points to define either a bbox over the
interest region (light-green points) or a bbox covering the
entire region, including visible areas (sky-blue points). To
provide a stronger constraint, the user can select a compos-
ite prompt that pairs a pose with a bbox, such as ppoib or
ppoeb.
Coarse image generation. To effectively exploit the spa-
tial information in the user prompt P , we convert it into a
prompt image Ip rather than using raw coordinate values.

The prompt image Ip is fed to a prompt-specific Con-
trolNet ΦCN to produce the prompt-conditioning signal cpr,
computed as follows:

cpr = ΦCN(Ip). (7)
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Figure 3. Method overview. Given an incomplete image Iic and a user prompt P , our PHAC framework processes them through (A)
coarse image generation and (B, C) a refinement stage. In (A), the denoising U-Net ϵcig starts from random noise and denoises it for T
steps to generate a coarse complete image Icc, conditioned on a prompt image Ip (see Fig. 2); Ip is fed to a prompt-specific ControlNet ΦCN

to provide conditioning, and only the cross-attention blocks of ϵcig are fine-tuned to preserve the pre-trained prior. In (B), invisible mask
prediction U-Net Uiv predicts an invisible mask Miv, which is then dilated to M ′

iv. In (C), we construct the base composite Ibase and add
low-magnitude noise to the invisible region only. The refinement network ΦRF then takes the noisy Ibase as input and outputs the refined
completion Irc, preserving the visible region while refining the coarse completion and mitigating boundary artifacts.

The text condition cte is obtained from the input image
using the CLIP encoder [44]. This step is omitted in Fig. 3
for simplicity. Unlike previous amodal completion meth-
ods [30, 59, 67] that used ground-truth (GT) masks, we
predict the visible mask Mv from the input image using
SAM [23] as follows:

cte = CLIP(Iic), Mv = SAM(Iic). (8)

Given the incomplete image Iic, the visible mask Mv, the
text condition cte, and the prompt condition cpr, the denois-
ing U-Net ϵcig iteratively denoises a latent initialized from
random noise to synthesize the coarse completion Icc. The
denoising U-Net ϵcig and the ControlNet ΦCN are jointly
trained to minimize the following objective:

L = Ez0,ϵ,t,cte,cpr

[
∥ϵ− ϵcig(zt, t, cte, cpr)∥22

]
, (9)

where t denotes the diffusion timestep with 0 ≤ t < 1000.
The clean latent z0 from the input image Iic and the visible
mask Mv is obtained by the VAE encoder E as:

z0 = E(Iic)⊕ E(Mv), (10)

where ⊕ denotes the concatenation operation.
To better align the generated image with the ControlNet-

derived prompt condition cpr, we fine-tune only the cross-
attention blocks of the denoising U-Net ϵcig, keeping the
remaining weights frozen, as in [13]. This enables ϵcig to
generate images that align more effectively with the user
prompt P . The remaining blocks are kept frozen to pre-
serve the pre-trained DM prior, yielding plausible human
appearance.

3.4. Refinement Network
The coarse completion Icc generated by ϵcig exhibits degra-
dation of the visible appearance arising from latent space

denoising and subsequent VAE reconstruction. A naı̈ve ap-
proach is to construct a baseline composite Ibase by copying
pixels from the input image Iic in visible regions and from
Icc in invisible regions, guided by the visible mask Mv:

Ibase = Iic ⊙Mv + Icc ⊙ (1−Mv), (11)

where ⊙ denotes element-wise multiplication.
While this approach preserves the visible appearance, it

often introduces boundary artifacts at mask boundaries and
yields an unnatural composite. To address this, we propose
an inpainting-based refinement network that keeps the un-
masked regions unchanged and performs a few denoising
steps in the masked area to reduce boundary artifacts and
produce smooth transitions at mask boundaries.
Invisible mask prediction. To apply the inpainting-based
approach, we require an invisible-region mask Miv. The
masked region specifies where the output should follow the
coarse completion Icc, whereas the unmasked region speci-
fies where information from the incomplete input Iic should
be preserved. Because a coarse complete image Icc is avail-
able, we predict the invisible mask using a lightweight U-
Net Uiv. Given the incomplete image Iic, the coarse comple-
tion image Icc, and the visible mask Mv, U-Net Uiv outputs
the invisible mask Miv as:

Miv = Uiv(Iic, Icc,Mv). (12)

We train the U-Net Uiv with a loss function defined as
a weighted sum of binary cross-entropy (BCE) and Dice
losses [35] as follows:

L = LBCE(Miv,M
∗
iv) + λdiceLDice(Miv,M

∗
iv), (13)

where M∗
iv is the GT invisible mask.

Directly applying Miv can exclude boundary pixels and
introduce boundary artifacts. We therefore use a dilated

30754



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. ↓

PIDM [3] 2D pose map 126.33 0.797 56.91 27.34 16.80 113.72 143.15 0.804 23.71 25.33 16.61 40.47
MCLD [28] UV map 115.90 0.833 41.11 18.94 18.37 53.38 121.80 0.853 21.90 14.85 18.97 11.53
pix2gestalt [40] - 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 [40]† 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 [39] 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 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

Ours w/o Refinement 2D pose map 58.99 0.941 7.44 5.06 24.67 23.63 64.40 0.957 2.64 4.54 24.54 7.28

Table 1. Quantitative comparison for promptable human amodal completion. We use the same 2D pose map as the user prompt,
whereas MCLD uses UV maps following its experimental setting. The best performance for each metric is highlighted in bold, while the
second-best is underlined. † indicates injection of the same user prompt via a pre-trained ControlNet for fair comparison. * indicates that
values are reported ×103 for readability.

mask M ′
iv during the refinement process, computed as:

M ′
iv = Dilate(Miv). (14)

Inpainting-based refinement process. Rather than synthe-
sizing entirely new RGB values inside the mask as in con-
ventional inpainting, we aim to preserve the coarse com-
pletion and visible appearance while reducing boundary ar-
tifacts. To this end, we inject a small amount of noise
into the masked region, including the occluded area and
its boundary, and run a few denoising steps to refine the
completion. With this strategy, we keep the unmasked re-
gion unchanged, thereby preserving its appearance, and add
only low-magnitude noise to the masked region. This min-
imizes damage to the coarse completion and effectively re-
moves boundary artifacts. The refinement network is plug-
and-play and can be applied to other DM-based methods to
improve performance.

The refinement network ΦRF takes as input the baseline
composite Ibase from Eq. (11) and the dilated invisible mask
M ′

iv from Eq. (14), and outputs the refined complete image
Irc as follows:

Irc = ΦRF(Ibase,M
′
iv, s), (15)

where s controls the magnitude of noise added to the
masked region (noise magnitude ∝ s). Larger values of
s inject more noise, pushing the effective input toward ran-
dom noise, whereas values of s near zero keep the input
close to a clean image.

4. Experimental Results
4.1. Datasets
To train the ControlNet, the coarse image generation DM,
and the invisible mask prediction U-Net, we constructed
a synthetic dataset called OccThuman2.0 based on THu-
man2.0 [57]. Specifically, we rendered complete person
images from 526 3D human meshes, each from 10 view-
points. Because the renders contain only upright, centered

subjects, we applied flipping, rotation, and scaling augmen-
tations to increase diversity and used the augmented renders
as GT complete images. To increase realism, we sampled
backgrounds from Places2 [66] and composited random ob-
ject instances from MSCOCO [27] in front of the subjects to
simulate occlusions, yielding 5,260 occluded person images
paired with corresponding GT completions. We sampled
occlusion ratios from a Gaussian distribution, as in [39].
We used images from 522 subjects for training and images
from the remaining 4 subjects for testing. To assess gen-
eralization to in-the-wild images, we also evaluated on the
AHP real test set [67], which comprises 56 images with di-
verse occlusion scenarios. Additional details of the Occ-
Thuman2.0 dataset construction are provided in the supple-
mentary material.

4.2. Implementation Details

We initialize the coarse image generation DM with the
weights of the DMs used in prior amodal completion [40]
and HAC [39], and then fine-tune the model. Follow-
ing [62], we train the ControlNet by creating a trainable
copy of the DM encoder. For ControlNet, when using a
single prompt type (pose only or bbox only, ppo, pib, peb),
the prompt input is represented with 3 channels. When us-
ing pose and bbox jointly (ppoib, ppoeb), the prompt input
contains 6 channels obtained by concatenating the two 3-
channel prompts. During training of the DM and Control-
Net, we use a constant warm-up schedule [13]. The learn-
ing rates are set to 5 × 10−6 for the DM and 5 × 10−5 for
ControlNet, with a batch size of 14. The conditioning scale
and classifier-free guidance scale are fixed at 1.0 and 2.0,
respectively. We apply a dropout rate of 0.05 to the image-
conditioning path. In each epoch, we randomly sample one
of the 10 views for each subject, yielding 522 images. We
train for 1,750 epochs on four RTX A6000 GPUs, with a
total training time of approximately 16 hours.

The invisible mask prediction U-Net Uiv takes as input
the coarse completion Icc produced by the coarse image
generation DM. Following a stochastic inference scheme [8,
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Multi-condition inputs PIDM MCLD pix2gestalt SDHDO Ours

(A)
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Figure 4. Qualitative comparison on the AHP test dataset. (A) Partial RGB results; (B) Generated images with different seeds. PGPIS
baselines (PIDM, MCLD) frequently hallucinate training set appearances. Amodal completion baselines (pix2gestalt, SDHDO) do not
preserve the visible appearance and often violate the pose condition. In contrast, our approach yields consistent pose alignment across
seeds and preserves the visible regions.

13], the DM generates N = 16 outputs per GT image, and
during training Uiv randomly samples one of these outputs
for supervision. As with the coarse image generation DM,
we use 522 images per epoch and train for 40 epochs. We
fix the Dice-loss weight at λdice = 0.5. Training runs on a
single RTX 3090 and takes approximately 30 minutes.

4.3. Evaluation Metrics
To assess the appearance of the generated complete human
images, we evaluate the quality of reconstructed images us-
ing Learned Perceptual Image Patch Similarity (LPIPS),
Structural Similarity (SSIM), Kernel Inception Distance
(KID), Mean Squared Error (MSE), and Peak Signal-to-
Noise Ratio (PSNR). Among these, LPIPS, SSIM, and
KID evaluate perceptual quality and visual realism, whereas
MSE and PSNR focus on pixel-level reconstruction accu-
racy. For alignment with user prompts, we report a pose
metric given by the pixel-wise joint error between poses
predicted on the generated images and those predicted on
the GT images, which reflects prompt alignment quality.

4.4. Comparison with Existing Methods
We compare our method with the PGPIS baselines
PIDM [3] and MCLD [28], and the amodal completion
methods pix2gestalt [40] and SDHDO [39]. For the PGPIS
baselines, we provided user prompts in the format that each
model was trained to accept and supplied masked images as
input. Because pix2gestalt does not accept user prompts, we
additionally evaluate pix2gestalt†, which injects the same
user prompt via a pre-trained ControlNet for a fair compar-
ison. SDHDO is an HAC method that uses a 2D pose prior.
Accordingly, we replace its predicted pose with the user-
specified pose used for the other methods.

Table 1 summarizes quantitative results for the PHAC
task. On both the synthetic OccThuman2.0 and the real
AHP test set, our method outperforms prior approaches on

all metrics. PGPIS methods (PIDM, MCLD), which do
not adequately preserve the visible appearance, underper-
form both the amodal completion baselines (pix2gestalt,
SDHDO) and our approach. In particular, despite leverag-
ing a richer UV map prompt, MCLD tends to overfit to the
training data and performs poorly on both perceptual and
reconstruction metrics. For pix2gestalt, adding a 2D pose
map condition yields a small gain on OccThuman2.0 but
little change on AHP. In contrast, our method performs well
on both synthetic and real data and achieves consistent im-
provements across all metrics.

Qualitative results in Fig. 4 further demonstrate the ef-
fectiveness of our method on PHAC. PIDM and MCLD
fail to preserve the visible appearance, instead synthesiz-
ing images whose appearance reflects dataset-specific bi-
ases learned from DeepFashion [29]. PIDM exhibits severe
hallucinations; for example, an older man is transformed
into a white woman, and the method frequently fails to
satisfy the pose condition. Although MCLD aligns better
with the target pose than PIDM, it still produces strong ap-
pearance hallucinations. As shown in the bottom row of
Fig. 4(B), an erroneous UV map causes the model to gener-
ate a person wearing the occluder’s green clothing instead
of the original black garment.

Unlike the PGPIS baselines, pix2gestalt and SDHDO
avoid hallucinations in the visible regions and generate
plausible person images. However, as in the bottom row
of Fig. 4(B), they often over-generate arms or legs irrespec-
tive of the specified pose, producing physically implausi-
ble results. As shown in Fig. 4(A), they also degrade the
visible facial appearance and fail to produce meaningful
detail, leading to blurry outputs. Across multiple random
seeds, their results are pose-inconsistent and frequently mis-
aligned with the pose condition. In contrast, our method
successfully reconstructs the visible region and produces
high-quality, physically plausible completions for occluded
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User Prompt LPIPS* ↓ SSIM ↑ MSE* ↓ PSNR ↑ Joint Err. ↓

Pose (ppo) 49.47 0.948 4.37 25.86 23.33
Interest bbox (pib) 51.83 0.942 5.69 24.99 24.01
Entire bbox (peb) 52.28 0.941 5.66 25.07 28.23
Pose & Interest bbox (ppoib) 49.35 0.947 4.56 25.69 22.15
Pose & Entire bbox (ppoeb) 49.42 0.946 4.89 25.49 21.96

Table 2. Quantitative comparison across user prompts. On Oc-
cThuman2.0, the pose prompt ppo yields the best reconstruction
metrics, while bbox prompts (pib, peb) perform worse and exhibit
higher joint errors. Combining pose and bbox (ppoib, ppoeb) consis-
tently reduces joint error, improving alignment.

s
OccThuman2.0 test dataset AHP test dataset

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

0.1 49.39 0.948 4.41 25.82 39.02 0.970 3.46 26.84
0.3 49.49 0.948 4.39 25.83 38.97 0.970 3.44 26.88
0.5 49.47 0.948 4.36 25.85 38.77 0.970 3.41 26.93
0.7 50.18 0.947 4.43 25.27 39.03 0.969 3.45 26.81
0.9 51.91 0.943 4.77 25.39 40.02 0.967 3.68 26.33

Table 3. Effect of the refinement noise strength s. Small s yields
limited improvement due to minimal denoising, whereas large s
degrades the original appearance.

areas, while maintaining consistent alignment with the pose
condition across seeds. All results are obtained via random
sampling, not cherry-picking. Additional qualitative results
are provided in the supplementary material.

4.5. Ablation Experiments
User prompts. Table 2 presents PHAC results on the Occ-
Thuman2.0 dataset with different user prompts. Overall, the
pose prompt ppo provides the most effective single-prompt
guidance, whereas bbox-only prompts (pib, peb) consis-
tently underperform and exhibit higher joint errors. This
is likely because bbox prompts mainly constrain the spatial
extent of the synthesis region while leaving body configu-
ration ambiguous, allowing diverse poses within the speci-
fied box. Combining pose and bbox (ppoib, ppoeb) maintains
similar perceptual quality to the pose-only setting, while
slightly sacrificing reconstruction metrics, but achieves a
small and consistent reduction in joint error, indicating im-
proved spatial alignment. Additional analyses are provided
in the supplementary material.
Magnitude of noise. Table 3 reports an ablation of the
noise strength s used during refinement, where noise is
added inside the invisible region to suppress boundary ar-
tifacts. We adopt the standard definition s ∈ [0, 1] (noise
magnitude ∝ s): small s leaves the masked region nearly
clean for ΦRF, whereas large s makes it approach random
noise. Insufficient noise fails to resolve boundary artifacts,
while excessive noise degrades visible regions and deviates
from the coarse appearance. Because refinement has mini-
mal effect on pose alignment, we report only image-quality
metrics. On both OccThuman2.0 and AHP, s = 0.5 yields
the best reconstruction and perceptual scores. At s = 0.5,

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

MCLD [28] 59.56 (49%) 11.77 (71%) 7.50 (60%) 23.36 (27%) 31.41 (41%)
pix2gestalt [40] 57.03 (37%) 8.14 (51%) 6.21 (18%) 24.39 (27%) 30.65 (16%)
SDHDO [39] 59.41 (27%) 10.92 (34%) 6.80 (4%) 24.12 (1%) 33.97 (22%)
Ours 49.47 (16%) 6.12 (18%) 4.37 (14%) 25.86 (5%) 23.33 (1%)

Table 4. Plug-and-play application of the refinement network.
Blue marks results improved by refinement, and % reports the rel-
ative improvement over the baseline.

we run roughly 40% of the standard denoising steps [42],
preserving the visible region and harmonizing the coarse
and visible appearances.

Refinement network. With an appropriate choice of s,
the proposed refinement network can be applied in a plug-
and-play manner to improve the outputs of other genera-
tive methods. Table 4 presents results after applying our
refinement network to existing PGPIS and amodal comple-
tion baselines. The refinement improves not only percep-
tual quality and reconstruction metrics but also pose-related
measures. In particular, for MCLD [28], which exhibited
larger errors, our refinement reduces MSE and KID by ap-
proximately 60–70%. Baseline (pre-refinement) scores for
the existing methods are reported in Table 1, and the last
row isolates the effect of our refinement network on the pro-
posed method. Across both datasets, refinement improves
all metrics. Moreover, even before refinement, our method
already outperforms prior methods.

5. Conclusion

We introduced a new task, promptable human amodal com-
pletion (PHAC), which completes occluded human im-
ages while satisfying both visible appearance constraints
and user-specified prompts. Our framework injects point-
based pose and bbox prompts via ControlNet modules and
fine-tunes only the cross-attention blocks, achieving strong
prompt alignment. Additionally, we propose an inpainting-
based refinement module that leaves the visible regions un-
changed, applies a few denoising steps to the completed ar-
eas, and maintains boundary continuity. Because it operates
on generic inputs, the module can be used as a plug-and-
play component with existing diffusion-based completion
methods. Experiments on amodal completion and PGPIS
benchmarks show that our approach achieves better prompt
alignment and produces more physically plausible, higher-
quality completions than prior work.

Acknowledgement. This work was supported by Institute
of Information & Communications Technology Planning &
Evaluation (IITP) grant funded by the Korea government
(MSIT) (No. RS-2023-00219700, Development of FACS-
compatible Facial Expression Style Transfer Technology
for Digital Human).

30757



References
[1] Omri Avrahami, Ohad Fried, and Dani Lischinski. Blended

latent diffusion. ACM Transactions on Graphics (TOG), 42
(4):1–11, 2023. 2

[2] Jianmin Bao, Dong Chen, Fang Wen, Houqiang Li, and
Gang Hua. Cvae-gan: fine-grained image generation through
asymmetric training. In IEEE International Conference on
Computer Vision (ICCV), pages 2745–2754, 2017. 3

[3] Ankan Kumar Bhunia, Salman Khan, Hisham Cholakkal,
Rao Muhammad Anwer, Jorma Laaksonen, Mubarak Shah,
and Fahad Shahbaz Khan. Person image synthesis via de-
noising diffusion model. In IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), pages 5968–
5976, 2023. 2, 3, 4, 6, 7

[4] Z. Cao, G. Hidalgo Martinez, T. Simon, S. Wei, and Y. A.
Sheikh. Openpose: Realtime multi-person 2d pose estima-
tion using part affinity fields. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2019. 4

[5] Helisa Dhamo, Nassir Navab, and Federico Tombari. Object-
driven multi-layer scene decomposition from a single image.
In IEEE/CVF International Conference on Computer Vision
(ICCV), pages 5369–5378, 2019. 3

[6] Haoye Dong, Xiaodan Liang, Ke Gong, Hanjiang Lai, Jia
Zhu, and Jian Yin. Soft-gated warping-gan for pose-guided
person image synthesis. Advances in Neural Information
Processing Systems (NeurIPS), 31, 2018. 3

[7] Kiana Ehsani, Roozbeh Mottaghi, and Ali Farhadi. Segan:
Segmenting and generating the invisible. In IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR),
pages 6144–6153, 2018. 2, 3
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