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Abstract
We propose PFAvatar (Pose-Fusion Avatar), a new method
that reconstructs high-quality 3D avatars from “Outfit of the
Day” (OOTD) photos, which exhibit diverse poses, occlu-
sions, and complex backgrounds. Our method consists of two
stages: (1) fine-tuning a pose-aware diffusion model from
few-shot OOTD examples and (2) distilling a 3D avatar repre-
sented by a neural radiance field (NeRF). In the first stage, un-
like previous methods that segment images into assets (e.g.,
garments, accessories) for 3D assembly, which is prone to in-
consistency, we avoid decomposition and directly model the
full-body appearance. By integrating a pre-trained Control-
Net for pose estimation and a novel Condition Prior Preser-
vation Loss (CPPL), our method enables end-to-end learn-
ing of fine details while mitigating language drift in few-
shot training. Our method completes personalization in just
5 minutes, achieving a 48× speed-up compared to previous
approaches. In the second stage, we introduce a NeRF-based
avatar representation optimized by canonical SMPL-X space
sampling and Multi-Resolution 3D-SDS. Compared to mesh-
based representations that suffer from resolution-dependent
discretization and erroneous occluded geometry, our con-
tinuous radiance field can preserve high-frequency textures
(e.g., hair) and handle occlusions correctly through transmit-
tance. Experiments demonstrate that PFAvatar outperforms
state-of-the-art methods in terms of reconstruction fidelity,
detail preservation, and robustness to occlusions/truncations,
advancing practical 3D avatar generation from real-world
OOTD albums. In addition, the reconstructed 3D avatar sup-
ports downstream applications such as virtual try-on, anima-
tion, and human video reenactment, further demonstrating the
versatility and practical value of our approach.

Introduction
This paper focuses on a novel and essential task: trans-
forming everyday photo albums into textured, personalized
3D human models (Xiu et al. 2024). These photo collec-
tions, commonly referred to as “Outfit of the Day” (OOTD)
photos, exhibit several defining characteristics: 1) consis-
tent identity, outfit, hairstyle, and accessories across im-
ages, 2) diverse poses and scales, 3) frequent occlusions
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and significant truncations, and 4) varied viewpoints against
complex backgrounds. These characteristics pose signifi-
cant challenges to existing 3D avatar reconstruction meth-
ods (Alexander et al. 2010; Guo et al. 2017; Xiong et al.
2024; Shen et al. 2023; Işık et al. 2023), which typically
require full visibility of the subject and precise camera cali-
bration.

To address these challenges, PuzzleAvatar (Xiu et al.
2024) proposes an innovative framework that eliminates
the need for camera calibration. It first decomposes OOTD
photos into multiple semantic assets (e.g., garments, acces-
sories, faces, and hair), each of which is associated with a
unique token in a Stable Diffusion (Rombach et al. 2021)
model—a component referred to as PuzzleBooth. After fine-
tuning the diffusion model to personalize it for the given as-
sets, the learned tokens are treated as “puzzle pieces” and
used to assemble a 3D personalized avatar through a mesh-
based representation using DMTet (Gao et al. 2020).

However, this method faces several key challenges. First,
although decomposing photos into multiple assets helps mit-
igate issues such as uncommon body poses, it heavily relies
on the accuracy of segmentation, which may introduce vi-
sual inconsistencies. Second, since PuzzleBooth assembles
the human body from individual pieces, it does not sup-
port pose-controllable image generation. Moreover, learn-
ing multiple individual components significantly increases
the overall training time, making the process inefficient. As
a result, applying Score Distillation Sampling (SDS) (Wang
et al. 2022; Poole et al. 2022) for 3D reconstruction often
leads to the Janus problem due to inconsistent pose align-
ment. Finally, the topology of DMTet is restricted by the ini-
tial mesh structure, making it difficult to represent complex
topological variations. Given the highly diverse appearances
in OOTD images, this limitation often results in suboptimal
3D geometry with poor visual fidelity (e.g., hair strands or
clothing textures).

This paper presents a novel approach, PFAvatar, to en-
hance the visual quality of 3D avatars. First, unlike methods
that decompose OOTD images into multiple assets, we pro-
pose an end-to-end pose-aware diffusion model. We utilize
a pre-trained ControlNet (Zhang, Rao, and Agrawala 2023)
to predict the pose of each image, providing pose-prior in-
formation for training the personalized diffusion model.
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Figure 1: Using the “Outfit of the Day” (OOTD) photos from a personal collection (shown in the upper left), our PFAvatar
reconstructs a personalized and fully textured 3D NeRF avatar (depicted in the middle). These OOTD photos can vary widely in
terms of body poses, scales, camera angles, framing, frequent partial occlusions, or significant truncation. PFAvatar is designed
to handle such variability robustly, enabling a range of downstream tasks. These include virtual try-on through text-guided
editing, 3D animation, facial animation, and human video reenactment, all while meticulously preserving the subject’s identity
and unique characteristics.

Additionally, we introduce a novel Condition Prior
Preservation Loss (CPPL) to mitigate language and control
drift issues that often arise during few-shot data finetuning
(Ruiz et al. 2023). By eliminating asset decomposition, our
method enables end-to-end learning of detailed structures,
significantly improving both consistency and accuracy in the
final output.

Second, we distill a Neural Radiance Field (NeRF) rep-
resentation instead of a mesh from our trained diffusion
model as the 3D avatar. Our motivation is that NeRF of-
fers greater flexibility and robustness for this task than mesh-
based representations. Specifically, NeRF’s volume density
naturally handles occlusions through transmittance, ensur-
ing that rays intersecting occluders contribute less to the fi-
nal pixel and avoiding the generation of false surfaces. Ad-
ditionally, Compared to mesh-based approach that struggles
with high-frequency details due to resolution-dependent dis-
cretization, NeRF’s continuous volume rendering directly
integrates high-frequency positional embeddings (e.g., hash-
grids (Müller et al. 2022)) into the radiance field, which pre-
serves fine-grained details, such as hair strands and intricate
patterns, without loss of fidelity.

We conducted extensive explorations to identify the
most effective method for distilling high-quality NeRF
representations from the fine-tuned Pose-Aware Diffusion
Model. Our final approach involves sampling from both the
canonical SMPL-X space and the observation space. Sam-
pling from the canonical space generates additional pose-
conditioned images, which ensures 3D-consistent NeRF op-
timization. For the observation space, we employ a pro-

gressive sampling method (Huang et al. 2023a) to achieve
higher-quality appearance details.

Additionally, we observed the instability issue of Score
Distillation Sampling (SDS) (Poole et al. 2022; Lin et al.
2023), as highlighted in (Cao et al. 2024). This instabil-
ity degrades our fine local structures due to a lack of hu-
man priors. To address this, we introduce a Local Geometry
Loss during NeRF training. This loss leverages predefined
meshes of body parts, such as hands and faces, to preserve
intricate details and enhance the overall fidelity of the 3D
avatar. Although NeRF representation is relatively new and
lacks the extensive manipulation tools available for tradi-
tional mesh-based methods, we demonstrate that our NeRF-
based 3D avatar is capable of animation and video reenact-
ment. Moreover, it shows good imaging quality and detail
preservation, showcasing its potential as a superior alter-
native for 3D avatar generation. Extensive experiments on
real-world datasets, as shown in Fig. 4 and Fig. 6, demon-
strate that PFAvatar outperforms state-of-the-art methods in
avatar reconstruction and editing from OOTD photos. We
also conducted a user study (see Appendix), which found
that users prefer our model over state-of-the-art 3D avatar
techniques, further validating the effectiveness and appeal of
our approach. In summary, our main contributions include:

• We propose a Pose-Aware Diffusion Model trained from
OOTD photos. By leveraging a pre-trained ControlNet
for pose estimation and a Condition Prior Preserva-
tion Loss (CPPL), our method eliminates reliance on
decomposition and enables end-to-end learning of de-
tailed structures with minimal language/control drift un-
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der few-shot settings.
• We distill a personalized NeRF avatar from this diffusion

model using canonical SMPL-X sampling for 3D con-
sistency and Multi-Resolution 3D-SDS for high-fidelity
details. To address SDS instability, we introduce a Local
Geometry Loss on anatomical part meshes, preserving
fine structures such as hands and faces.

• Extensive experiments show that our NeRF-based avatars
outperform mesh-based baselines in reconstruction qual-
ity, detail preservation, and robustness to occlusions and
truncations.

Related Work
Text and Image-guided 3D Avatar Generation
Numerous studies have explored reconstructing clothed hu-
mans from multi-view images (Lin et al. 2024; Saito et al.
2019; Peng et al. 2021) or monocular video (Weng et al.
2022; Li et al. 2020). Recent work leverages text-to-image
models and SDS to generate avatars from language descrip-
tions, achieving finer details (Wang et al. 2023a; Liao et al.
2023; Kolotouros et al. 2023; Huang et al. 2023a; Cao et al.
2023). In addition, methods such as (Li et al. 2024; Qiu et al.
2025; Pan et al. 2024) typically depend on accurate pose es-
timation and require fully visible bodies, making them in-
capable of reconstructing avatars from images with signif-
icant truncations. In contrast, ours overcomes these limi-
tations, enabling robust 3D avatar reconstruction from un-
constrained, everyday photos without strict visibility con-
straints.

Finetuning of Personalized Diffusion Models
In recent years, with the increasing interest in the text-to-
image domain, pioneering researchers have begun exploring
methods for personalizing text-to-image models using pho-
tos of specific subjects. Work on model customization in-
troduces new concepts through fine-tuning (either partial or
whole) of pre-trained networks(Avrahami et al. 2023; Jain
et al. 2022; Kumari et al. 2023; Liu et al. 2024; Ruiz et al.
2023). Other research re-purposes diffusion models for new
tasks (Fu et al. 2024; Ke et al. 2024; Kocsis, Sitzmann,
and Nießner 2024). One representative work is Dream-
Booth(Ruiz et al. 2023), which uses a rare token to repre-
sent a specific subject or style, while preventing overfitting
through a prior preservation loss. Another approach, textual
inversion (Gal et al. 2022), generates a new embedding for
the input concept and optimizes this embedding vector with
a few photos to enable subject-driven image generation.

Despite these methods achieving laudable results with
common objects, the abundance of prior information in the
human body poses challenges. This hinders the incorpora-
tion of such prior control when fine-tuning human images.
Consequently, consistency may diminish when integrating
with controllers like ControlNet(Zhang, Rao, and Agrawala
2023).

Pose-Free Reconstruction in the Wild
In our context, pose includes both camera position and body
articulation. Accurate camera pose is critical for 3D recon-

struction (Mildenhall et al. 2021), but estimating it from un-
constrained OOTD photos is highly challenging.

Prior works address this by jointly optimizing object and
camera parameters (Xia et al. 2022; Wang et al. 2021; Lin
et al. 2021), leveraging geometric priors (Meuleman et al.
2023; Fu et al. 2023; Bian et al. 2023), or using learning-
based methods (Zhang et al. 2024; Wang et al. 2023c,b).
Body pose estimation is even harder due to higher dimen-
sionality, and most static-scene methods (Sun et al. 2022;
Martin-Brualla et al. 2021) are not suitable for articulated
subjects like humans.

PuzzleAvatar (Xiu et al. 2024) and AvatarBooth (Zeng
et al. 2023) generate animatable avatars from a few im-
ages. However, AvatarBooth relies on dual diffusion models
and SDS (Poole et al. 2022), while PuzzleAvatar, based on
Break-A-Scene (Avrahami et al. 2023), must learn multiple
concepts and requires 4 hours of training.

In contrast, our PFAvatar completes personalization in
just 5 minutes. Unlike NFSD (Katzir et al. 2023) used by
PuzzleAvatar, our method incorporates human-specific pri-
ors, reducing Janus artifacts and improving reconstruction
fidelity.

Method
Our PFAvatar reconstructs a 3D avatar that faithfully cap-
tures both geometry and appearance from input OOTD Pho-
tos {Ii}. As shown in Fig. 2, it is composed of two primary
stages. The first stage, ControlBooth , pre-processes the in-
put images and uses them to fine-tune a Pose-Aware Diffu-
sion Model Mb. The second stage, BoothAvatar, distills a
NeRF-based 3D avatar model from Mb.

ControlBooth: Injecting Avatar Feature to
Pose-Aware Diffusion Model
In this stage, we aim to train a personalized diffusion model
Mb to achieve novel view synthesis results based on the
OOTD photos.

Pose-Aware Diffusion Model: OOTD images often ex-
hibit diverse poses and frequent occlusions, making it chal-
lenging to train diffusion models directly on such data.
Previous approaches, such as PuzzleAvatar (Xiu et al.
2024), address this by segmenting OOTD images into mul-
tiple assets (e.g., garments, accessories, faces, and hair),
each associated with a unique token in a Stable Diffusion
model (Rombach et al. 2021). However, this method can in-
troduce segmentation inconsistencies, such as mismatched
segment boundaries or incorrect labeling of parts.

To circumvent these issues, we propose a Pose-Aware
Diffusion Model conditioned on input images {Ii}, poses
{Pi}, and text prompts {Ti}. Our data preprocessing
pipeline begins by using Ground-SAM (Ren et al. 2024) to
separate the foreground (avatar) from the background, yield-
ing the input images {Ii}. Importantly, this process only
isolates the human region from the background, avoiding
the segmentation inconsistency problems inherent in fine-
grained part-based segmentation. Next, we employ a pre-
trained ControlNet(Zhang, Rao, and Agrawala 2023) to pre-
dict the poses {Pi} for all images. Finally, we utilize a
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Figure 2: Overview of our PFAvatar pipeline. (1) The top left illustrates the overall flow of our framework, which consists of
two main stages: ControlBooth and BoothAvatar. (2) The bottom left displays the training details of the ControlBooth stage.
In this stage, our input data is composed of three parts: images, pose-conditioning, and captions. These are used to fine-tune
a Pose-Aware Diffusion Model Mb, where the Text-Encoder and the UNET are trained using the reconstruction diffusion
loss, Lrec(eq. (1)), and the condition-based prior preservation loss, Lcppl(eq. (2)). (3) The right section shows the details of
the BoothAvatar stage. In this stage, the avatar is represented as an A-posed canonical avatar. The model Mb obtained from
the previous stage is used to guide this reconstruction process. Using multi-resolution L3D-SDS (eq. (3)), we optimize a NeRF
represented by Instant-NGP, with an additional loss Lgeo (eq. (4)) to stabilize local structures during SDS optimization.

vision-language model (GPT-4V (OpenAI 2024)) to gener-
ate detailed textual descriptions Ti for each image. These de-
scriptions are obtained through a specially designed query
prompt (see Appendix), capturing fine-grained attributes
such as body orientation, hairstyle, clothing, and other rele-
vant characteristics.

Finetuning Pose-Aware Diffusion Model: Our diffusion
model is finetuned on the inputs described above using two
loss terms: a Reconstruction Diffusion Loss Lrec to improve
subject fidelity and a novel Condition Preservation Prior
Loss (CPPL) Lcppl to prevent the degradation of controlla-
bility. The overall training objective is defined as LCB

total =
Lrec + λcpplLcppl, where λcppl = 1.

The Lrec encourages fidelity for each data tuple of prompt
Ti, pose Pi, and image Ii by ensuring that the model main-
tains high fidelity to the input description. For simplicity, we
omit ϵ, t, and wt in all subsequent loss equations. This loss
is defined as follows:

Lrec = E
[
∥Dθ(αtIi + σtϵ, cti , cpi

)− Ii∥22
]
, (1)

where the i-th image-space condition Pi encodes a feature
space conditioning vector cpi , and cti represents its corre-
sponding text conditioning vector.

When finetuning on a small set of OOTD images, there
is a risk of reducing the variability in the output poses and
view elements of the avatar (e.g., snapping to the few-shot
views), as shown in Fig.3 (middle row). To address these
issues, we propose a novel Condition Prior Preservation
Loss (CPPL) to prevent the degradation of controllability,

which promotes diversity, counters language drift, and helps
maintain control capabilities.

Specifically, we generate prior preservation (pr) data
Ipr = Dθ(ϵ, cprt, cprp) using the ancestral sampler on the
frozen pre-trained T2I diffusion model with random initial
noise ϵ ∼ N (0, 1) and prior preservation text (prt) condi-
tioning vectors cprt := Γ(ft(Tpr)) and prior preservation
pose (prp) condition vectors cprp := F(Ppr). Here, ft is
used to convert the prompt Tpr into the corresponding text
embedding, while Γ represents the text encoder that trans-
forms it into the corresponding text conditioning vectors. F
is a neural block that converts the output 2D map Ppr into
cprp. The form of Lcppl is given by:

E
[
λw′

t ∥Dθ(αtIpri + σtϵ, cprti , cprpi)− Ipri∥
2
2

]
, (2)

where cprpi
, cprti , Ipri are simplified as cpi

, cti , Ii. Lcppl
is a condition prior-preservation term that supervises the
model with its own generated images.

BoothAvatar: Reconstructing Avatar from the
Finetuned Model
In this stage, we reconstruct a NeRF-based (Mildenhall et al.
2021) canonical A-posed subject-consistent avatar based on
the Pose-aware diffusion model Mb obtained from the pre-
vious stage. To fully leverage the controllability of Mb,
we employ the following techniques to reconstruct a high-
quality 3D avatar.
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Figure 3: Balancing diversity and control with Condition
Prior-Preservation Loss (CPPL). Using the fine-tuning strat-
egy of Naive DreamBooth (Row 1) to generate images with
new poses may introduce color discrepancies, significantly
reducing thematic consistency. Training with only eq. (1)
may lead to overfitting on the context of the input image and
the subject’s appearance (e.g., pose). CPPL (Row 3) acts as
a regularizer, mitigating overfitting while encouraging diver-
sity and maintaining control.

NeRF-Based 3D Representation: Neural Radiance
Fields (NeRF) (Mildenhall et al. 2021) have shown more
flexible 3D representation capabilities compared to mesh-
based representations (e.g., PuzzleAvatar’s DMTet (Gao
et al. 2020)), which is more effective for reconstructing
complex clothed human avatars. We use Instant-NGP
(Müller et al. 2022) as our canonical avatar representation,
which has a high training speed while maintaining high-
quality representation. We train the NeRF-based avatar
model using score distillation sampling (SDS) (Poole et al.
2022) from controllable novel views generated by our
personalized model Mb.

Specifically, we sample camera poses from the obser-
vation space and sample avatar poses from the canonical
SMPL-X space. An additional advantage of sampling from
the canonical SMPL-X space is its capability to generate
skeleton images from the current viewpoint, thereby facil-
itating convergence and ensuring thematic consistency.

3D-Consistent Score Distillation Sampling: Pose-aware
3D-consistent SDS sampling techniques allow for more con-
trollable processes with high thematic consistency. Previ-
ous works that relied solely on text-guided SDS often faced
Janus artifact issues (Xiu et al. 2024; Zeng et al. 2023).
To address this, we incorporate 3D-aware conditioning im-
ages to refine SDS (Huang et al. 2023a) to facilitate 3D-
consistent NeRF optimization. Specifically, an extra condi-
tioning image c is used to compute the 3D-SDS gradient
∇θL3D−SDS(ϕ,x) as follows:

E
[
w(t) (ϵϕ (xt; y, t, c)− ϵ)

∂zt
∂x

∂x

∂θ

]
, (3)

where the conditioning image c may consist of one or a
combination of elements such as skeletons or depth maps,
w(t) is a weighting function based on the timestep t, and y
represents the corresponding text prompt. In our implemen-
tation, we choose skeletons as the conditioning image type
due to their minimal structural priors to facilitate complex
avatar generation.

Local Geometric Constraint: The instability of SDS op-
timization can compromise fine local structures derived
from human priors. To address this, we introduce a local
geometry loss during NeRF training based on predefined
meshes of body parts, such as hands and faces. This loss
aligns NeRF densities τ in local regions with the predefined
meshes through a margin ranking loss Lgeo:

Lgeo =

{
(max(0, τmax − τ(p)))

2 if p on mesh,
(max(0, τ(p)− τmin))

2 if p not on mesh,
(4)

where p represents 3D points sampled on or near predefined
meshes, τ(p) denotes the densities of 3D points p predicted
by NeRF, and τmin, τmax are constant hyperparameters.

In summary, at the BoothAvatar stage, the total loss to
optimize the NeRF-based avatar representation is:

LBA
total = L3D-SDS + λgeoLgeo, (5)

where λgeo = 1.0.

Multi-Resolution and Zoom-in Sampling: Directly ren-
dering high-resolution images from NeRFs is computation-
ally expensive. A common approach is to render a low-
resolution image and then up-sample it to a higher resolution
for SDS training (Chen et al. 2023b; Lin et al. 2023). How-
ever, directly increasing the upsampled resolution can lead
to training collapse or inconsistent appearances. To address
this, we leverage a multi-resolution and zoom-in optimiza-
tion strategy, which progressively increases the up-sampling
resolution for more stable SDS training while refining the
avatar appearance.

Figure 4: Qualitative Comparison I: Custom Dataset. Vi-
sual results on three distinct subjects compare PuzzleAvatar,
AvatarBooth, and our method (PFAvatar). Our approach
consistently preserves finer details and maintains structural
coherence across multiple views, demonstrating clear supe-
riority over the baselines. This highlights PFAvatar’s robust-
ness in achieving high-quality, consistent reconstructions
under challenging conditions.

Experiment
Implementation Details
Dataset. We evaluate our system’s performance using two
distinct datasets: the Custom dataset and the PuzzleIOI
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dataset (Xiu et al. 2024), which serves as a standardized
benchmark for personalized human avatar reconstruction.
In addition, we introduce a Custom dataset to assess the
model’s performance on real-world, in-the-wild scenarios.
This dataset comprises casual OOTD photos captured us-
ing mobile devices under unconstrained conditions. The im-
ages feature diverse poses, complex backgrounds, and varied
camera viewpoints, posing significant challenges for 3D re-
construction. This setting enables a robust evaluation of the
model’s generalization ability in realistic environments.

Baselines. To evaluate pose-aware diffusion model iden-
tity preservation, we compare our method with state-of-the-
art (SOTA) approaches, including PuzzleAvatar (Xiu et al.
2024), InstantID (Wang et al. 2024), FreeCustom (Ding et al.
2024), and DisenBooth (Chen et al. 2023a). For reconstruc-
tion quality, we benchmark our method against PuzzleAvatar
(Xiu et al. 2024) and AvatarBooth (Avrahami et al. 2023),
both of which are designed to handle unconstrained inputs.

Metrics. One important aspect to evaluate is subject fi-
delity: the preservation of subject details in generated im-
ages. Fellow (Ruiz et al. 2023),(Raj et al. 2023). To evalu-
ate subject identity preservation across the two stages of our
pipeline, we adopt three metrics: DINO (Caron et al. 2021),
CLIP-I (Radford et al. 2021), and CLIP-T (Radford et al.
2021).

In addition, for the PuzzleIOI benchmark, we further eval-
uate the quality of appearance reconstruction. To this end,
we render multi-view color images of the reconstructed
avatars and report three standard image quality metrics:
PSNR (Peak Signal-to-Noise Ratio), SSIM (Structural Sim-
ilarity Index), and LPIPS (Learned Perceptual Image Patch
Similarity). We denote the best results in bold and the
second-best results with underline.

Train Data
Pose Control

DisenBooth FreeCustom InstantID PuzzleAvatar Ours

Figure 5: Qualitative result of personalized diffusion mod-
els. Compared to other methods, our Pose-Aware Diffusion
Model achieves superior subject consistency while enabling
precise control over character poses. The pose illustration in
the lower-left corner represents the input control pose used
for conditional generation. ✓ indicates support for control
pose, while ✗ denotes lack of support.

Experiment Results
Analysis of ControlBooth: Subject Identity Preservation
As illustrated in Table 1 and Fig. 5, our proposed Pose-
Aware Diffusion Model achieves significantly improved

Method CLIP-I↑ DINO↑ CLIP-T↑
body head body head body head

PFAvatar(Ours) 0.9016 0.9432 0.7282 0.9352 0.3036 0.2996
PuzzleAvatar 0.8147 0.7705 0.6257 0.6096 0.2340 0.1849
InstantID 0.7687 0.8164 0.5977 0.8302 0.2164 0.2711
FreeCustom 0.8573 0.9337 0.7022 0.9222 0.2583 0.2811
DisenBooth 0.8445 0.7897 0.6930 0.8299 0.2783 0.2581

Table 1: The subject identity preservation performance of
different baselines. Ours achieves the best performance.

Figure 6: Qualitative Comparison-II: PuzzleIOI Dataset. Vi-
sual results on three distinct subjects compare PuzzleA-
vatar, AvatarBooth, and PFAvatar(Ours). Our approach con-
sistently preserves finer details and maintains structural co-
herence across multiple views, demonstrating clear superior-
ity over the baselines. This highlights PFAvatar’s robustness
in achieving high-quality, consistent reconstructions under
challenging conditions.

subject identity preservation. By leveraging a single dif-
fusion model capable of pose-controllable generation, our
method consistently maintains identity fidelity—particularly
in the facial and head regions. In contrast, PuzzleAvatar (Xiu
et al. 2024) lacks pose control capability at this stage, lead-
ing to suboptimal identity consistency during reconstruc-
tion. These results highlight the effectiveness of our strat-
egy, which integrates both pose information and textual de-
scriptions when training on OOTD images, thereby enabling
high-fidelity and identity-consistent synthesis.

Analysis of BoothAvatar: Subject Identity Preservation
and Appearance Reconstruction As shown in Table 2,
Fig. 4, and Fig. 6, our method achieves superior render-
ing quality compared to PuzzleAvatar and AvatarBooth, par-
ticularly in texture detail preservation, geometric accuracy,
and overall visual realism. These improvements demonstrate
the robustness and versatility of our approach in generat-
ing high-quality 3D avatars from unconstrained, real-world
inputs. Moreover, as illustrated in Fig. 6 and Table 3, our
method consistently outperforms PuzzleAvatar (Xiu et al.
2024), TeCH (Huang et al. 2023b), and AvatarBooth (Zeng
et al. 2023) on the PuzzleIOI benchmark across all evalua-
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Figure 7: Ablation studies. Qualitative results showing the
impact of removing key components. (a) Full model yields
the best results; (b–f) each ablation leads to visible degrada-
tion in specific aspects.

tion metrics. Specifically, our method produces more real-
istic textures and achieves more accurate geometric recon-
structions—even under challenging conditions such as com-
plex poses—while preserving fine-grained attributes such as
facial features, hair strands, and clothing patterns.

Ablation Study We assess the contributions of key com-
ponents in our framework through ablation experiments. As
shown in Fig. 7 and summarized in Table 4, each design
choice plays a crucial role in overall performance.

ControlBooth: Excluding Head Region. To assess the
effect of head data, we remove all head samples from train-
ing. As shown in Fig. 7 (b), this causes noticeable degrada-
tion in reconstruction quality, especially in facial regions.

ControlBooth: Using Vanilla DreamBooth. Replacing
our customized ControlBooth with DreamBooth (Ruiz et al.
2023) reduces consistency and causes frequent color shifts
(e.g., washed-out tones), as shown in Fig. 7 (c), validating
the benefit of our targeted training scheme.

BoothAvatar: Using Vanilla SDS. Substituting our 3D-
SDS with the SDS (Poole et al. 2022) compromises the gen-
eration of A-pose avatars (Fig. 7 (d)), limiting compatibility
with downstream applications. Our 3D-SDS design enables
more stable and controllable avatar generation.

BoothAvatar: Removing Local Geometric Constraint.
Without the local geometric constraint, SDS optimization
becomes unstable in fine-grained regions. As illustrated in
Fig. 7 (e), this leads to simplified and ambiguous geome-
try—especially in hands—highlighting the necessity of en-
forcing localized shape consistency.

BoothAvatar: Disabling Multi-Resolution Sampling.
Eliminating multi-resolution sampling and training at a fixed
resolution results in slower convergence and degraded vi-
sual fidelity (Fig. 7 (f)). In contrast, our hierarchical sam-
pling strategy enhances both training efficiency and render-
ing quality.

Method
CLIP-I↑ DINO↑ CLIP-T↑

body head body head body head

PFAvatar(Ours) 0.9125 0.9042 0.8072 0.8617 0.3546 0.3124
PuzzleAvatar 0.8722 0.8652 0.7220 0.8017 0.2836 0.2823
Avatarbooth 0.8533 0.8837 0.6778 0.7869 0.2907 0.2581

Table 2: Qualitative comparison on subject identity preser-
vation. Final rendered avatars from PFAvatar, PuzzleAvatar,
and AvatarBooth are compared.

Method PSNR↑ SSIM↑ LPIPS↓
PFAvatar(Ours) 27.576 0.952 0.041
PuzzleAvatar 24.687 0.930 0.062
TECH 23.635 0.919 0.065
AvatarBooth 16.431 0.758 0.153

Table 3: Quantitative comparison of PuzzleIOI dataset.
Compared to existing baselines, PuzzleAvatar, TECH, and
Avatarbooth. PFAvatar achieves the best performance across
all evaluation metrics.

Method
CLIP-I ↑ DINO ↑ CLIP-T ↑

full-body head full-body head full-body head

Full (a) 0.9125 0.9042 0.8072 0.8617 0.3546 0.3124
w/o (b) 0.8702 0.8503 0.7154 0.8032 0.2912 0.2538
w/o (c) 0.8352 0.8234 0.7091 0.8023 0.2314 0.2313
w/o (d) 0.8021 0.8127 0.7281 0.7819 0.2281 0.2134
w/o (e) 0.8929 0.8831 0.8011 0.8590 0.3257 0.3081
w/o (f) 0.8654 0.8612 0.7486 0.8574 0.2812 0.2434

Table 4: Quantitative comparison of ablation results. Subject
fidelity (DINO, CLIP-I) and prompt fidelity (CLIP-T) scores
under different ablation settings.

Conclusion
In this paper, we introduce PFAvatar, a novel method for re-
constructing high-quality 3D avatars from real-world “Out-
fit of the Day”(OOTD) photos. Our approach consists of
two key stages: (1) fine-tuning a Pose-Aware Diffusion
Model using few-shot OOTD examples, and (2) distilling a
3D NeRF-based avatar. By avoiding decomposition and di-
rectly modeling full-body appearance, integrating Control-
Net for pose estimation, and introducing a Condition Prior
Preservation Loss (CPPL), our method achieves consistent
and detailed results while mitigating language drift. Addi-
tionally, our NeRF-based representation, optimized through
canonical SMPL-X space sampling and Multi-Resolution
3D-SDS, effectively handles occlusions and preserves high-
frequency textures. Experiments demonstrate that PFAvatar
outperforms state-of-the-art methods in reconstruction fi-
delity, detail preservation, and robustness to occlusions/trun-
cations, significantly advancing the practical generation of
3D avatars from real-world OOTD albums. In addition,
we demonstrate the downstream applicability of the recon-
structed 3D avatars, including virtual try-on, animation, and
human video reenactment.
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