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Figure 1. PersonaCraft generates realistic, personalized images of multiple individuals with complex occlusions, preserving facial identity

and body shape using occlusion-aware 3D pose and shape conditioned diffusion. PersonaCraft outperforms baselines in body shape

personalization (blue arrows indicate failures) and naturalness (yellow arrows highlight artifacts, with zoomed-in views in yellow boxes).

Abstract

We present PersonaCraft, a framework for controllable
and occlusion-robust full-body personalized image synthesis
of multiple individuals in complex scenes. Current methods
struggle with occlusion-heavy scenarios and complete body
personalization, as 2D pose conditioning lacks 3D geometry,
often leading to ambiguous occlusions and anatomical dis-
tortions, and many approaches focus solely on facial identity.
In contrast, our PersonaCraft integrates diffusion models
with 3D human modeling, employing SMPLx-ControlNet,
to utilize 3D geometry like depth and normal maps for ro-
bust 3D-aware pose conditioning and enhanced anatomical
coherence. To handle fine-grained occlusions, we propose
Occlusion Boundary Enhancer Network that exploits depth

*Authors contributed equally. †Corresponding author.

edge signals with occlusion-focused training, and Occlusion-
Aware Classifier-Free Guidance strategy that selectively re-
inforces conditioning in occluded regions without affecting
unoccluded areas. PersonaCraft can seamlessly be com-
bined with Face Identity ControlNet, achieving full-body
multi-human personalization and thus marking a signifi-
cant advancement beyond prior approaches that concentrate
only on facial identity. Our dual-pathway body shape rep-
resentation with SMPLx-based shape parameters and tex-
tual refinement, enables precise full-body personalization
and flexible user-defined body shape adjustments. Extensive
quantitative experiments and user studies demonstrate that
PersonaCraft significantly outperforms existing methods in
generating high-quality, multi-person images with accurate
personalization and robust occlusion handling.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. SMPLx-ControlNet (SCNet) with SMPLx depth and nor-

mal improves occlusion handling in pose generation compared to

2D OpenPose, though fine-grained occlusions remain challenging.

Using our occlusion-focused methods, OccNet and OccCFG, we

achieve superior pose consistency and anatomical coherence.

1. Introduction
Recent advances in personalized image generation [2, 4, 13–

19, 24, 26, 43, 47, 50, 56, 57, 63, 63, 64, 67, 68, 70,

73, 76, 78, 80, 82–84] and controllable image genera-

tion [11, 22, 31, 44, 69, 79, 86], powered by diffusion mod-

els [9, 27, 33–36, 59, 65, 83], have paved the way for syn-

thesizing multi-human scenes with explicitly defined poses.

Despite these breakthroughs, generating images with multi-

ple individuals in complex, occlusion-heavy environments

remains a formidable challenge. Conventional approaches

that rely on 2D skeleton-based conditioning lack the depth

cues necessary to capture overlapping body parts and in-

tricate inter-person interactions, often resulting in ambigu-

ous occlusions and anatomical distortions. Although recent

works [11, 48, 86] have begun exploring the use of 3D

pose information, they are limited to single-person scenarios,

thereby restricting their applicability to multi-person scenes.

Furthermore, achieving full-body personalization remains

a significant challenge. Most existing methods prioritize fa-

cial identity, often overlooking the distinct characteristics

of body shape. Although several approaches [78, 85] have

enabled full-body personalization using general image en-

coders [55], they often struggle to disentangle intrinsic body

shape from clothing attributes.

To address these challenges, we propose PersonaCraft, a

framework for controllable and occlusion-robust full-body

personalized image synthesis of multiple individuals in com-

plex scenes. Firstly, our approach integrates diffusion models

with 3D human modeling, employing SMPLx-ControlNet

(SCNet), to utilize critical 3D geometric information to over-

come the limitations of conventional 2D pose conditioning.

Through careful exploration of 3D pose representations, we

found that combining SMPLx depth and normal maps offers

the most robust conditioning, ensuring high pose consistency

and anatomical naturalness. However, despite the benefits

of 3D-aware conditioning, handling complex, fine-grained

occlusions still remains challenging, as shown in Fig. 2. Sec-

ondly, we propose the Occlusion Boundary Enhancer Net-

work (OccNet), which explicitly enhances occluded regions

at a finer level by leveraging depth edge signals that high-

light occlusion boundaries. Complemented by our Occlusion-

Aware Classifier-Free Guidance (OccCFG) strategy, our Oc-

cNet adaptively reinforces conditioning in occlusion-heavy

areas without compromising contrast in unoccluded regions.

Together, these components ensure robust anatomical co-

herence, even in complex multi-human interactions with

significant occlusions, as presented in Fig. 2.

Another key advantage of our 3D-aware pose condi-

tioning, beyond enhancing pose accuracy with improved

occlusion handling and anatomical coherence, is its abil-

ity to encode body shape through SMPLx body shape co-

efficients. Our method can seamlessly be combined with

Face Identity ControlNet [70] to achieve full-body multi-
human personalization, representing a significant advance-

ment beyond prior methods focused solely on facial iden-

tity [25, 37, 70, 74, 78, 81, 85]. Moreover, to overcome

the limitations of SMPLx-based body representation, espe-

cially in challenging cases where body shape characteristics

conflict, we introduce a dual-pathway approach where an

optional textual pathway refines body shape. PersonaCraft

enables fine-scale, user-defined body shape control through

reference-based and interpolation/extrapolation-based ad-

justments.

Through extensive quantitative and qualitative evalua-

tions, including user studies, our PersonaCraft shows signifi-

cant improvements in occlusion handling, pose consistency,

setting a new benchmark for anatomically precise control-

lable and personalized multi-human image synthesis.

2. Related Works
Single-Concept Personalization. Text-to-image (T2I) dif-

fusion models and applications [9, 27, 33–36, 59, 65,

83] enable single-concept personalization, adapting pre-

trained models for individual subjects. Early methods used

optimization-based techniques [13, 16, 24, 26, 56, 57, 64] or

textual embeddings [2, 17, 50, 67, 68, 80, 82]. LoRA meth-

ods [28, 66] reduced the need for many trainable parameters.

Recent works [4, 14, 15, 18, 19, 43, 47, 63, 63, 70, 73, 76, 78,

83, 84] like IP-Adapter [78] and InstantID [70] adopt modu-

lar designs for fast personalization from a single reference

image and human-centric modules. However, these methods

face challenges in handling complex human poses, neglect

body shape preservation, or fail to disentangle identity from

clothing in personalized human image synthesis.

Multi-Concept Personalization. Recent multi-concept per-

sonalization methods [5, 20, 23, 45] use cross-attention to

prevent concept entanglement. Custom Diffusion [39] in-

tegrates models via joint training or constrained optimiza-

tion. Mix-of-Show [21] employs gradient fusion for identity

preservation and regional sampling for attribute binding.

Modular Customization [53] isolates concepts via orthog-
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Figure 3. Overview of our occlusion-aware 3D pose and shape conditioning. We generate SMPLx renderings for SMPLx-ControlNet (SCNet)
and derive occlusion masks for the Occlusion Boundary Enhancer Network (OccNet) by counting intersected faces and masking depth

edges. Combining SCNet and OccNet residuals with occlusion masks enables the base U-Net to handle occlusion-aware 3D pose and shape

conditioning. Occlusion-aware classifier-free guidance (OccCFG) further improves anatomical coherence in occluded regions.

onal directions. FastComposer [74] enhances training-free

personalization. OMG [37] propose 2-stage multi-concept

personalization without training. StoryMaker [85] ensures

multi-character consistency via segmentation-constrained

cross-attention. UniPortrait [25] proposess ID embeddings

and routing modules for high fidelity and editability. ID-

Patch [81] mitigates ID leakage and ensures precise identity-

position association introducing ID patches. However, exist-

ing methods still exhibit limitations in maintaining occlusion

robustness and precise control over body shapes.

Controllable Human Generation. Recent works, such as

ControlNet [79] and HyperHuman [44], integrate T2I dif-

fusion with 2D skeletons for controllable human synthesis.

HumanSD [31] enhances skeleton-based generation with

heatmap-guided denoising, while Stable-Pose [69] improves

pose alignment using attention masking. DWpose [77] re-

fines OpenPose [12] for better skeleton accuracy, and Dense-

Pose [22] maps RGB images to 3D surfaces. However, lack-

ing depth cues, these methods struggle with occlusions in

multi-human or complex pose scenarios. PODIA-3D [35]

incorporates depth for pose guidance but not image synthesis.

The SMPL [46] (Skinned Multi-Person Linear Model) and

SMPLx [51] are parametric human body models that pro-

vide realistic 3D representations of human pose and shape.

SMPL models the body using shape parameters and pose

parameters with a differentiable blend skinning function,

making it widely used in vision and graphics applications.

SMPLx extends this by incorporating expressive facial and

hand articulation, enabling more detailed human motion

modeling. Recent works leverage SMPL for generative tasks:

Champ [86] applies SMPL for single-human video synthe-

sis, while HumanLDM [11] integrates SMPL with Control-

Net for stable pose-conditioned human generation. However,

these methods focus solely on single-human cases and do

not address complex occlusions in multi-human scenarios.

3. Proposed Method: PersonaCraft

We propose PersonaCraft, a framework for controllable and

occlusion-robust full-body personalized image synthesis of

multiple individuals in complex scenes. PersonaCraft inte-

grates diffusion models with 3D human modeling, leveraging

SMPLx-ControlNet (SCNet) to incorporate 3D geometry, in-

cluding depth and normal maps, for robust 3D-aware pose

conditioning and enhanced anatomical coherence (Sec. 3.1).

To handle fine-grained occlusions, we introduce the Occlu-

sion Boundary Enhancer Network (OccNet), which exploits

depth edge signals through occlusion-focused training, and

the Occlusion-Aware Classifier-Free Guidance (OccCFG)

strategy, which selectively reinforces conditioning in oc-

cluded regions without affecting unoccluded areas (Sec. 3.2).

Furthermore, PersonaCraft seamlessly integrates with Face

Identity ControlNet, enabling full-body multi-human person-

alization and surpassing prior approaches that focus solely

on facial identity. Our dual-pathway body shape representa-

tion, combining SMPLx-based shape parameters with tex-

tual refinement, ensures precise full-body personalization

and flexible user-defined body shape adjustments (Sec. 3.3).

Existing methods rely on 2D skeleton-based Control-

Nets [79], which lack depth cues and fail to capture identity-

specific body shapes. We propose a 3D-aware pose condition-

ing, SMPLx-ControlNet (SCNet), that leverages SMPLx [51]

to incorporate depth information, enabling occlusion-aware

conditioning and body shape control.
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Figure 4. Full pipeline of PersonaCraft for multi-human full-body

personalization. By integrating our method with face embeddings

from InsightFace [1] and Face Identity ControlNet [70], we advance

toward full-body multi-human personalization.

3.1. 3D-Aware Pose and Shape Conditioning for
Multi-Human Generation

Existing methods rely on 2D skeleton-based Control-

Nets [79], which lack depth cues and fail to capture identity-

specific body shapes in multi-human scenes. We propose

a 3D-aware pose conditioning technique using SMPLx-

ControlNet (SCNet). By leveraging SMPLx [51], we rep-

resent pose with depth information, enabling occlusion and

controlling body shape. As shown in Fig. 3, given 3D poses

{p(i)}Nhuman

i=1 , body shape parameters {β(i)}Nhuman

i=1 , and cam-

era parameters c, we construct a 3D human scene of Nhuman

individuals with occlusions using SMPLx meshes. SMPLx

renderings, like depth dSMPLx, serve as conditioning signals

for the diffusion model, enabling high-fidelity image gen-

eration with improved identity preservation and occlusion

handling.

We train SCNet ESC
φ by leveraging the pretrained Control-

Net [79] framework, with the following objective:

Ex0,t,y,dSMPLx,ε

[∥∥∥ε− εθ
(
xt, t, y, ESC

φ (dSMPLx)
)∥∥∥

2

2

]
, (1)

where ε ∼ N (0, 1), εθ is a base text-to-image diffusion

model, t is the diffusion timestep, y is the text prompt, xt is

the noisy latent representation of the image at timestep t, and

it gets progressively refined during the denoising process.

We evaluate different SMPLx renderings—depth, normal,

and RGB—for conditioning and find that combining depth

SCNet (SCNet-D, ESC
φD

, for occlusion cues) and normal SC-

Net (SCNet-N, ESC
φN

, for surface orientation) by integrating

the residuals from each SCNet provides the most robust pose

consistency and anatomical coherence (see Tab. 5). There-

fore, we adopt depth-normal as the default 3D representation

for SCNet.

3.2. Occlusion-Focused Generation
Although 3D-aware pose conditioning improves handling

occluded regions, generating small, detailed occlusions re-

mains difficult due to inter-person contact and self-occlusion,

which cause anatomical distortions. To address this, we in-

troduce occlusion masks from SMPLx-rendered 3D scenes,

marking pixels as occluded if covered by multiple surfaces,

as shown in Fig. 3 (right). For each pixel (i, j), we count

the number of faces nfaces(i, j) that a projected ray passes

through. A pixel is considered occluded if the ray intersects

more than two surfaces. The occlusion mask Mocc is defined

as:

Mocc(i, j) =

{
1, if nfaces(i, j) > 2

0, otherwise
(2)

To reduce subtle occlusions and prevent overfitting, we filter

small occlusions and refine the boundaries by dilating the

mask’s edges. This improves the representation of occluded

regions, especially in poses with inter-person contact and

self-occlusion.

Occlusion Boundary Enhancer Network. Using this occlu-

sion mask, we introduce an Occlusion Boundary Enhancer

Network (OccNet) by training the model to generate im-

ages based solely on SMPLx depth edges within the occlu-

sion mask. The SMPLx depth edges, defined as eSMPLx =
∣
∣∂dSMPLx

∂x

∣
∣+

∣
∣
∣
∂dSMPLx

∂y

∣
∣
∣ > τ, where τ is the edge threshold, high-

light occlusion boundaries where depth changes abruptly.

Although this information is limited due to the loss of 3D

information inside the occluded regions, it serves as a crucial

signal by highlighting the occlusion boundaries.

As shown in Fig. 3, we only provide the depth edges

within the occluded region and train the model to generate

images based on this sparse signal, which enables the model

to focus more on generating the occluded region while pre-

serving its boundaries, compared to training with the full

conditioning. We train OccNet EOcc
ω using the following ob-

jective:

Ex0,t,y,eSMPLx,Mocc,ε

[∥∥∥ε− εθ

(
xt, t, y, EOcc

ω (eSMPLx �Mocc)
)∥∥∥2

2

]
.

(3)

Occlusion-Aware Classifier-Free Guidance. We observe

that increasing classifier-free guidance (CFG) in occluded

regions enhances anatomical consistency by strengthening

3D pose information, resolving local ambiguities. However,

a uniformly high CFG strength induce over-saturation in

non-occluded areas, as noted in prior works [40, 58, 59].

This highlights the need for a spatially adaptive guidance

strategy [62] tailored for occlusion in human scene scenarios.

To this end, we introduce Occlusion-Aware Classifier-Free

Guidance (OccCFG) as shown in Fig. 3:

ε̂ = εuncond + (koccMocc + kbase(1−Mocc))(εcond − εuncond) (4)

where kocc and kbase are CFG scales for occluded and non-

occluded regions, respectively, Mocc is the occlusion mask,

εuncond is the unconditional noise prediction, and εcond is the

conditional noise prediction.
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Figure 5. Qualitative comparison of personalized multi-human scene generation. Blue arrows indicate failures in body shape personalization,

while yellow arrows highlight unnatural anatomical structures, with yellow boxes providing zoomed-in views.

Table 1. Quantitative evaluation of multi-human personalization across face identity, body shape preservation, pose accuracy, text alignment,

and image quality. ‘Single’ denotes personalization for a single individual, while ‘Multi’ refers to cases with multiple identities (2–5), with

‘Total’ representing the averaged results.

Multi-Human
Personalization

Face ID preservation↑ Body shape preservation↑ Pose Text Image quality

Single Multi Total Single Multi Total MPJPE (3D)↓ AP-0.5 (2D)↑ CLIP sim ↑ IS ↑ KID ↓

InstantID + OMG 0.369 0.199 0.227 0.520 0.345 0.374 112.6 0.258 0.267 3.923 0.101
IPAdapter+ OMG 0.228 0.129 0.142 0.565 0.376 0.401 116.3 0.244 0.266 4.133 0.102
IPA-Face + OMG 0.310 0.166 0.188 0.515 0.341 0.367 115.4 0.249 0.267 4.021 0.102

Ours 0.421 0.298 0.317 0.630 0.548 0.560 60.65 0.506 0.273 4.237 0.093

Table 2. Top-1 preference rates from the user study on naturalness,

face identity, body shape, and text-image correspondence in per-

sonalized multi-human scene generation.

Top 1 (%) Natural.↑ Face ID↑ Body shape↑ Text corr.↑

Textual Inversion 9.77 11.46 10.29 8.41
DreamBooth 15.4 11.13 13.33 13.01

InstantID + OMG 10.74 11.65 11.59 12.62
IPAdapter + OMG 12.75 11.78 12.62 14.3
IPA-Face + OMG 10.87 9.51 10.68 10.74

Ours 40.45 44.47 41.49 40.91

3.3. Full-Body Personalized Generation

Beyond robust pose, SMPLx’s key advantage is encod-

ing body shape with coefficients, enabling full-body multi-

human personalization. Unlike prior methods that only focus

on facial identity and struggle to disentangle garments from

body shape, our approach explicitly isolates body shape as

the true identity.

The overall process of full-body personalized image

synthesis is illustrated in Fig. 4. Given full-body refer-

ence images {I(i)ref }Nhuman

i=1 of Nhuman individuals, target poses

{p(i)}Nhuman

i=1 , and a text prompt y, our goal is to generate a

personalized image IP that faithfully preserves both face and

body identities while ensuring pose consistency. To achieve

this, we use MultiHMR [8] to estimate SMPLx body shape

parameters β(i) and InsightFace [1] to extract face embed-

dings f (i).

We then leverage our depth-normal SCNet ESC
φD

-ESC
φN

, Oc-

cNet EOcc
ω , and face ControlNet IdentityNet [71] E ID

ψ . Let

F
(k)
θ (·) denote the k-th neural block and s(k) the corre-

sponding input feature map. When Rsc = ESC
φD

(dSMPLx) +

ESC
φN

(nSMPLx), Rocc = EOcc
ω (dSMPLx), and R

(i)
id =

E ID
ψ (f (i),p

(i)
face) are the residual features from each model,

the next feature map s(k+1) is obtained by adding these resid-

ual features to the neural block output F
(k)
θ (s(k)), scaled by

their conditioning weights αsc, αocc, and αid, and modulated

by the face masks M
(i)
face and occlusion mask Mocc:

s(k+1) = F
(k)
θ (s(k)) + αsc(1−Mocc)Rsc

+ αoccMoccRocc + αid

Nhuman∑
i=1

M
(i)
face ∗R

(i)
id .

(5)

Dual-Pathway Body Shape Personalization. We intro-
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Figure 6. Comparison of personalized multi-human scene generation with the methods which are not direct baselines. Yellow arrows

highlight anatomical inconsistencies in poses and occlusions, while Pink arrows indicate identity mixing or duplication in the baselines.

Figure 7. Qualitative comparison of pose-controlled multi-human generation. yellow arrows highlight unnatural anatomical structures, with

yellow boxes providing zoomed-in views.

Table 3. Quantitative evaluation of pose-controlled human genera-

tion across pose accuracy, text alignment, and image quality.

Pose-Controlled
Human Generation

Pose Text Image quality

MPJPE (3D) ↓ AP-0.5 (2D) ↑ CLIP sim ↑ IS ↑ KID ↓

T2I Adpater-SDXL 198.14 0.323 0.269 3.740 0.129
ControlNet-SDXL 114.93 0.291 0.285 3.062 0.138
ControlNet-Flux 102.64 0.393 0.218 3.651 0.107
HumanSD-SD2 103.62 0.357 0.261 3.610 0.082

Ours 62.647 0.495 0.274 4.113 0.091

Table 4. Top-1 preference rates from the user study on naturalness,

pose consistency, and text-image correspondence in pose-controlled

multi-human scene generation.

Top 1 (%) Natural.↑ Pose consistency↑ Text corr.↑

T2I Adpater-SDXL 9.53 7.31 8.19
ControlNet-SDXL 17.72 18.19 19.36

Ours 72.75 74.50 72.46

duce a dual-pathway approach for body shape personaliza-

tion, leveraging both SMPLx-based and text-based repre-

sentations. Compared to textual descriptions of body shape,

SMPLx-based representations provide more spatially fine-

grained encoding of the identity. However, they are lim-

ited in accurately conveying body composition details, such

as fat and muscle distribution [52]. In challenging cases

where body shape characteristics conflict (e.g., a muscular

physique with high body fat), our method optionally incor-

porates a textual pathway to enhance body shape representa-

tion. Specifically, a CLIP-based classifier [55] extracts body

shape attributes in text, which are applied using regional

prompting [6] and integrated with SCNet. Further details are

provided in the supplementary material.

4. Experiments
Implementation Details. PersonaCraft is built on Stable

Diffusion XL (SDXL) [54]. We extend the MPII dataset [3]

with textual descriptions [32] and 3D human reconstructions

from MultiHMR [8] using SMPLx [51]. SCNet and OccNet

were fine-tuned on ControlNet [79] with a learning rate of 1e-

5, Adam optimizer, batch size of 2, for 50,000 iterations on

an NVIDIA A100 GPU. We use 30 denoising steps. We set

the base CFG scale to 3 (kbase = 3) and increased the scale

for occluded regions to 5 (kocc = 5) to enhance occlusion

handling. We set all conditioning scales (αsc, αocc, and αid)

to 0.8 across all cases.

Metrics. For personalized multi-human scene generation,

face identity preservation is measured using FaceNet [61],

following FastComposer [74]. Body shape preservation is
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Figure 8. Effect of our occlusion-aware 3D pose & shape condition-

ing components. D and N denote the conditioning types of SCNet:

depth, normal.

Figure 9. Effectiveness of dual-pathway body shape personalization

in challenging cases where body shape characteristics conflict (e.g.,

a muscular physique with high body fat).

Table 5. Ablation study on SCNet, OccNet, and OccCFG for pose

consistency. D, N, and R denote the conditioning types of SCNet:

depth, normal, and RGB representations, respectively.

Ablation Study
Pose

MPJPE (3D)↓ AP-0.5 (2D)↑
SCNet-D 71.20 0.423
SCNet-N 79.30 0.398
SCNet-R 82.52 0.394

SCNet-D + SCNet-N 63.16 0.494

SCNet-D + SCNet-N + OccNet 62.92 0.499
SCNet-D + SCNet-N + OccNet + OccCFG 62.64 0.495

evaluated via cosine similarity of SMPLx body shape param-

eters β. Pose consistency is assessed using MPJPE (3D) [29],

while 2D pose estimation is evaluated with AP-0.5 (2D) by

comparing the target pose to the estimated pose from gener-

ated images. Text-image alignment is measured via CLIP-

L/14 similarity. Image quality is quantified using Inception

Score (IS) [60] and Kernel Inception Distance (KID) [10]. A

user study evaluates perceptual quality.

For pose-controlled multi-human scene generation, the

same key metrics are applied: MPJPE (3D) and AP-0.5 (2D)

for pose accuracy, CLIP similarity for text-image alignment,

and IS/KID for image quality.

Test Dataset. We test on the COCO-WholeBody dataset [30],

containing 1∼5 people per image. A total of 1,000 images

were selected (200 per group). Text prompts were extracted

via BLIP [42]. MultiHMR [7] provided poses and 3D condi-

tioning.

Additional details on experiments, results (including qual-

itative results), stylized artwork, PersonaCraft with LoRA

and other face control modules, as well as ablation studies,

are provided in the supplementary material.

4.1. Personalized Multi-Human Scene Generation
Baselines. We mainly compared PersonaCraft with

baseline methods for single-shot, multi-identity, and

pose-controllable synthesis, all implemented using

SDXL [54]. Key baselines include OMG [37] with

InstantID/IPAdapter/IPAdapter-Face (IPA-Face) [70, 78],

and 2D pose ControlNet [79]. We also evaluated

optimization-based methods like DreamBooth [56] and

Texture Inversion [17]. Both qualitative and quantitative

comparisons, as well as a user study, were conducted.

Additionally, qualitative comparisons were made with Uni-

Portrait [25], MS-Diffusion [72], and FastComposer [75].

Qualitative Results. As shown in Fig. 5, PersonaCraft sur-

passes baselines in multi-identity scene generation, partic-

ularly in identity preservation and occlusion handling. Our

3D-aware conditioning and occlusion-focused generation en-

hance the preservation of body shapes and identity features,

and ensure pose fidelity, producing realistic generations with

fewer artifacts. Baseline methods struggle with occlusion and

body shape accuracy, often leading to distorted identities and

unrealistic compositions, especially in multi-subject scenes.

PersonaCraft excels in occlusion-aware full-body person-

alization, maintaining consistent identities across varying

poses.

Quantitative Results. We evaluate PersonaCraft on face ID

preservation, body shape, pose accuracy, text-image align-

ment, and image quality. As shown in Tab. 1, our method con-

sistently outperforms baselines in identity and body shape

preservation. It achieves the lowest MPJPE (3D) and highest

AP (2D), indicating superior alignment with input poses.

In terms of text-image alignment, ours also achieves the

highest CLIP score. Furthermore, PersonaCraft outperforms

baselines in IS and KID, producing perceptually aligned

generations.

User Study. We conducted a user study evaluating natural-

ness, face identity, body shape, and text-image correspon-

dence across baselines and our method. With 18,540 re-

sponses from 103 participants, Tab. 2 shows our method

achieved the highest Top-1 preference across all metrics,

demonstrating superior perceptual quality in personalized

multi-human scene generation.

4.2. Pose-Controlled Multi-Human Scene Genera-
tion

Baselines. Key baselines include ControlNet-SDXL [54, 79],

T2I Adapter-SDXL [49], ControlNet-Flux [41, 79], and Hu-

manSD [41]. Both qualitative and quantitative comparisons

were conducted for all baselines. Additionally, a user study

was performed specifically for SDXL-based baselines, in-

cluding ControlNet-SDXL and T2I Adapter-SDXL.

Qualitative Results. We evaluate pose-controlled multi-

human scene generation by comparing PersonaCraft with

existing methods in both single-human and multi-human

settings (Fig. 7). Our method achieves superior pose align-

ment compared to baseline methods. Baselines relying on 2D

pose conditioning (e.g., T2IAdapter-SDXL [49], ControlNet-
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Figure 10. Result of PersonaCraft’s user-defined body shape con-

trol. (a) Reference-based body shape control. (b) Interpolation and

extrapolation-based control, where γ controls the interpolation or

extrapolation between the reference body shapes.

SDXL [54, 79]) struggle with occlusion handling, leading

to misaligned poses and distorted structures. ControlNet-

Flux [41, 79] exhibits instability: at a lower conditioning

scale (0.8), it fails to maintain anatomical coherence, while

at a higher scale (1.0), it improves pose accuracy but re-

duces image fidelity. HumanSD [31] lacks precise pose con-

trol, producing unrealistic compositions. In contrast, Per-

sonaCraft balances pose accuracy, anatomical coherence,

and image fidelity, demonstrating the efficacy of our 3D-

aware pose conditioning.

Quantitative Results. We evaluate pose-controlled multi-

human scene generation in terms of pose accuracy, text-

image correspondence, and image quality. As shown in

Tab. 3, PersonaCraft achieves the lowest MPJPE (3D) and

highest AP-0.5 (2D), demonstrating precise pose alignment

and keypoint localization. Compared to ControlNet-based

baselines, which suffer from structural inconsistencies and

occlusion issues, our method maintains accurate pose fidelity.

PersonaCraft also achieves the highest IS and lowest KID,

indicating superior perceptual realism. While text-image cor-

respondence scores are comparable across methods, prior

studies [36, 38] highlight CLIP’s limitations in evaluating

complex multi-human scenes. A user study further analyzes

perceptual quality.

User Study. We conducted a user study to assess natu-

ralness, pose consistency, and text-image correspondence.

Participants ranked their top three preferences among T2I

Adapter-SDXL, ControlNet-SDXL, and PersonaCraft, col-

lecting 15,390 responses from 114 participants. As shown in

Tab. 4, PersonaCraft achieved the highest Top-1 preference

across all metrics, excelling in naturalness (72.75%), pose

consistency (74.50%), and text alignment (72.46%). These

results confirm that our occlusion-aware 3D pose condi-

tioning significantly improves perceptual quality, producing

well-posed, visually coherent multi-human scenes.

4.3. Ablation Studies and Analysis
Comparison of 3D Pose Representations for SCNet. In

Tab. 5, we evaluate different SMPLx renderings—depth, nor-

mal, and RGB—as conditioning inputs for SCNet. We find

that depth yields the best pose consistency among these rep-

resentations. Additionally, combining the depth and normal

representations achieves the best performance. Therefore, we

adopt this combination as the base conditioning for SCNet.

Effectiveness of OccNet and OccCFG. In Tab. 5, we also

evaluate the effectiveness of OccNet and OccCFG. We found

that OccNet and OccCFG improve pose consistency. Also,

as analyzed in Fig. 8, we observe the effect of our Occlusion-

aware 3D pose & shape conditioning components. Using

only 2D pose leads to front-back ambiguities and structural

inconsistencies, while relying solely on 3D pose (SCNet)

struggles with fine-grained occluded regions. Using only Oc-

cNet improves occluded region synthesis but fails to maintain

overall pose alignment. Our full model (SCNet + OccNet +

OccCFG) effectively preserves pose structure while handling

occlusions.

Dual-Pathway Body Personalization. As shown in Fig. 9,

the SMPLx-based pathway captures fine-grained identity

features but struggles with detailed body composition (e.g.,

muscle vs. fat distribution). The text-based pathway refines

body shape using semantic attributes. Our approach com-

bines both for more accurate and realistic personalization.

4.4. User-Defined Body Shape Control
A key feature of PersonaCraft is its user-defined body shape

control, as shown in Fig. 10. Users can select a reference

to adapt body characteristics for personalized images. The

system also allows body proportions to be adjusted through

interpolation or extrapolation between references, offering

enhanced customization for precise body shape control.

5. Conclusion

We present PersonaCraft, a framework for occlusion-robust,

full-body personalized image synthesis in complex multi-

human scenes. PersonaCraft integrates diffusion models with

3D human modeling, using SMPLx-ControlNet for enhanced

pose conditioning. To address occlusions at a fine level,

we introduce Occlusion Boundary Enhancer and Occlusion-

Aware Classifier-Free Guidance strategy, improving condi-

tioning in occluded areas. Seamlessly combined with Face

Identity ControlNet, our approach enables full-body per-

sonalization beyond facial identity. Extensive experiments

show PersonaCraft outperforms prior arts in personalization

accuracy and occlusion robustness in complex scenes.
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