
GenLCA: 3D Diffusion for Full-Body Avatars
from In-the-Wild Videos

Yiqian Wu2,1 , Rawal Khirodkar1, Egor Zakharov1 ,
Timur Bagautdinov1, Lei Xiao1, Zhaoen Su1,

Shunsuke Saito1 , Xiaogang Jin2 , and Junxuan Li1

1 Codec Avatars Lab, Meta, USA
2 State Key Lab of CAD&CG, Zhejiang University, China
Project Page: https://onethousandwu.com/GenLCA-Page

“slim fit white jeans, purple satin dress 
shirt unbuttoned at collar, silver chain 

necklace, black suede loafers”

Face Animation

(A) (B)

G
en

LC
A

“with red 
santa hat”

✍

🖼

🖼

🎨🖌

“pink shorts”
✍

“light blue 
distressed 

denim shorts 
with frayed 

hem”

✍ 🖼

(C)

“green cycling shorts, 
orange racing jersey, 

cleated cycling shoes”

“navy blue scrubs, white 
undershirt visible at collar, 

white non-slip medical shoes”

“blue puffer jacket 
with a hood, black 

pants and tan shoes”GenLCA

Fig. 1: GenLCA is a diffusion-based generative model for generating and editing full-
body 3D Gaussian avatars from text and image inputs. (A) Generation. GenLCA
generates avatars that are visually realistic and consistent with both the identity in
the input face image and the semantic descriptions in the input text, while supporting
high-fidelity facial and full-body animations. We present zoomed-in and animated face
results. (B) Editing. By leveraging text, RGB images, or scribbles as control signals,
GenLCA enables seamless multi-modal editing of the generated avatars. (C) Diverse
3D avatars generated by GenLCA from text inputs.
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Abstract. We present GenLCA, a diffusion-based generative model
for generating and editing photorealistic full-body avatars from text and
image inputs. The generated avatars are faithful to the inputs, while
supporting high-fidelity facial and full-body animations. The core idea
is a novel paradigm that enables training a full-body 3D diffusion model
from partially observable 2D data, allowing the training dataset to scale
to millions of real-world videos. This scalability contributes to the supe-
rior photorealism and generalizability of GenLCA. Specifically, we scale
up the dataset by repurposing a pretrained feed-forward avatar recon-
struction model as an animatable 3D tokenizer, which encodes unstruc-
tured video frames into structured 3D tokens. However, most real-world
videos only provide partial observations of body parts, resulting in ex-
cessive blurring or transparency artifacts in the 3D tokens. To address
this, we propose a novel visibility-aware diffusion training strategy that
replaces invalid regions with learnable tokens and computes losses only
over valid regions. We then train a flow-based diffusion model on the to-
ken dataset, inherently maintaining the photorealism and animatability
provided by the pretrained avatar reconstruction model. Our approach
effectively enables the use of large-scale real-world video data to train
a diffusion model natively in 3D. We demonstrate the efficacy of our
method through diverse and high-fidelity generation and editing results,
outperforming existing solutions by a large margin.

Keywords: Digital human · 3D diffusion model · Generative 3D human

1 Introduction

As our world becomes increasingly digital, 3D photorealistic avatars hold the
key to more natural and expressive virtual experiences. Yet their creation usually
requires multi-view images or long monocular videos [41,60,66,67], which remain
inaccessible to most users. Recent advances in generative models, particularly
diffusion models, have shown the ability to create high-quality 3D content from
user-friendly inputs, such as text or incomplete images. In this paper, our goal is
to investigate diffusion models as an efficient and scalable solution for 3D avatar
generation.

Diffusion model training benefits from both the high quality and diversity of
the training data. For digital humans, a common solution is to use synthesized
data [68, 70, 83, 90], but its domain gap from real-world humans often compro-
mises the quality and photorealism of the resulting models [68,69,83]. To achieve
animatability and higher realism, calibrated and synchronized multi-view cap-
ture datasets are typically employed [9, 32, 80]. However, they cover only a few
thousand subjects, which impairs model generalization and diversity [7, 78, 86].
As demonstrate in large-scale video diffusion models [8,12,20], monocular video
data provides an ample resource for learning realistic appearance and motion at
the 2D level. But training a 3D diffusion model generally requires accurate 3D
assets, which remains challenging for monocular videos.
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We propose Generative Large 3D Codec Avatar Model (GenLCA), a multi-
modal 3D diffusion model for generating and editing full-body avatars from
text and image inputs, while enabling photorealistic appearance and anima-
tion. GenLCA trains a full-body 3D diffusion model from partially observable,
million-scale 2D data, enabled by two key components: a feedforward avatar
reconstruction network serving as a tokenizer, and a visibility-aware training
strategy to mitigate artifacts in 3D tokens caused by imperfect video frames.

The avatar reconstruction network takes multiple body and face images of a
single subject as input. These images are encoded into 3D tokens, which are then
decoded by the reconstruction network into an animatable 3D Gaussian avatar.
By applying this tokenizer to large-scale video collections, we construct a 3D to-
ken dataset for ∼1.1 million identities. These tokens are further compressed
into compact latents using a compressor to facilitate efficient model training.
However, due to the partial observability of monocular video frames and the
reconstruction model’s inherent limitations in hallucinating unobserved regions,
the 3D tokens for unobserved areas are often blurry or incomplete. Directly train-
ing a generative model on such imperfect supervision leads to noticeable quality
degradation. To ensure data quality and fidelity, we introduce a novel visibility-
aware training strategy. Specifically, we compute a mask for each identity based
on the visibility of their tokens with respect to the input video frames. Tokens
corresponding to unobserved areas are replaced with learnable placeholder fea-
tures. Furthermore, we apply a masked loss function only to valid regions. This
approach limits supervision to observable and reliable 3D regions, thereby miti-
gating the influence of corrupted information.

We then train a flow-based diffusion model on the compressed latent repre-
sentations, inheriting the photorealism and animatability of the avatar recon-
struction model. To support multi-modal generation and editing, we incorporate
three types of modalities as conditional inputs: text, segmented body part images
(e.g., hair, face, upper clothing, etc.), and scribble images.

To the best of our knowledge, GenLCA is the first method to train a 3D dif-
fusion model at scale using real-world video data. Our method substantially re-
laxes the data requirements for generative 3D human modeling, demonstrating
the potential to scale 3D human datasets to a magnitude comparable
to that of existing 2D datasets. Despite being trained on incomplete ob-
servations, GenLCA effectively captures semantic relationships between visible
tokens, enabling the generation of full-body, animatable avatars, and outper-
forming SOTAs by a significant margin.

In summary, we make the following contributions:
– We propose a 3D diffusion model to produce and edit high-quality, realistic,

and animatable 3D full-body avatars from image and text.
– We employ a reconstruction model to tokenize unstructured images into 3D

tokens, and introduce a novel training strategy that leverages partially ob-
servable inputs. Our framework facilitates constructing 3D realistic human
datasets at a large scale and paves the way for generalized 3D human gener-
ative models.
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2 Related Work

2.1 3D human reconstruction

Existing work has explored a variety of 3D representations to achieve high fi-
delity zero-shot avatar reconstruction and re-animation, including parametric
meshes [17,39,52], neural radiance fields (NeRF) [3,49], and 3D Gaussian splat-
ting (3DGS) [33,55,61,67,91]. By conditioning these 3D representations on con-
trollable parameters such as pose and lighting, dynamic details can be integrated
into the avatar [16,18,41,67,73], enabling the creation of more expressive models.
However, these approaches require extensive camera coverage [9, 32, 47, 80], dis-
entangled attribute supervision, and sufficient capture of fine-grained details to
achieve high-quality results. Feedforward reconstruction models focus on training
3D human priors [11, 37, 56, 57, 81, 90] to directly regress 3D human representa-
tions from 2D inputs in a single forward pass. However, these reconstruction
models fail to produce high-quality results for unobserved regions and
lack editability.

Unlike zero-shot or feed-forward reconstruction methods, GenLCA requires
minimal input during inference and supports both generation and editing.

2.2 Zero-shot and one-shot 3D human creation

DreamFusion [53] introduces Score Distillation Sampling (SDS) for generating
3D content using guidance from 2D diffusion models [23, 59]. SDS-based 3D
human creation utilizes 3D representations such as meshes [28, 29, 42], neural
radiance fields [71,85], and 3D Gaussian splatting (3DGS) [4,31,44,89], followed
by multi-step SDS optimization. However, SDS optimizes a single 3D content
using a 2D diffusion prior, leading to ambiguities that cause over-saturation and
unrealistic styles. Another line of research aims to directly reconstruct 2D avatars
from multi-view data hallucinated by 2D diffusion models [5,30,38,46,54,65,75,
76] or video diffusion models [34, 45, 88]. To ensure geometric alignment and
reduce view inconsistency, these methods either condition the diffusion model
on 3D control signals [5, 34, 35, 54, 65] or incorporate reconstruction into the
denoising process [30, 76, 77]. Nevertheless, inherent view inconsistencies still
result in blurriness in the final outputs.

Compared to the aforementioned generation methods that rely on 2D dif-
fusion models, our GenLCA operates natively in 3D and is trained on
real-world data, thereby inherently avoiding issues of blurriness and
low realism.

2.3 Generative 3D human model

Inspired by EG3D [6], which employs GANs [19] to generate implicit neural
fields and uses 2D images for supervision, numerous works [1,13,25,48,72,74,79]
have extended it to full-body human modeling. However, directly modeling 3D
implicit distribution from single-view 2D collections introduces ambiguities and



GenLCA 5

Table 1: Comparison of training datasets for 3D human diffusion models.
Our dataset contains the largest number of identities and the most realistic data among
existing methods. “∗” indicates that the corresponding model is trained on each sub-
dataset individually, rather than on a mixture of them.

Dataset # total IDs # synthetic data # captured data # in-the-wild data

StructLDM [27] 1.8K 0.8K∗ 0.5K∗ 0.5K∗

HumanLiff [26] 1.1K 1K∗ 0.1K∗ 0
Rodin [68] 100K 100K 0 0

RodinHD [83] 46K 46K 0 0
SimAvatar [40] 20K 20K 0 0

TeRA [69] 70K 70K 0 0
SIGMAN [78] 110K 100K 10K 0

GenLCA (Ours) 1,117K 0 4K 1,113K

leads to quality degradation. Diffusion models [23,59] have been extended to 3D
human modeling [7, 27, 40, 68, 69, 78, 83]. Since diffusion model training requires
accurate 3D assets for each training sample, a typical training pipeline involves
an encoding process. This process either trains an auto-encoder or performs zero-
shot optimization to encode multi-view images into structured representations,
such as feature planes [26,68,83], structured UV latents [14,27,63,64,69,78,86],
or 3D primitives [7, 84]. However, since their encoding process is designed to
accurately represent each identity in existing datasets, these methods require
extensive camera coverage to achieve optimal performance and therefore cannot
be generalized to in-the-wild data. Consequently, their training sources are lim-
ited to small-scale captured datasets [26,27,63,64,78,86] or unrealistic synthetic
datasets [7, 26,40,68,69,78,83], as shown in Tab. 1.

In summary, there is no 3D avatar generator that performs native 3D gener-
ation while effectively utilizing in-the-wild data. To address this limitation, we
propose to leverage a large-scale reconstruction model to extract training sam-
ples from in-the-wild videos. This approach substantially expands the available
dataset for a more generalized 3D human diffusion model.

3 Methodology

In this section, we first introduce the 3D avatar tokenizer, which encodes images
into 3D tokens (Sec. 3.1). Next, we present the overall architecture and training
strategy (Sec. 3.2). GenLCA first employs a compressor to compress the 3D
tokens into compact latents. To mitigate the influence of corrupted information
in these 3D tokens, we propose a visibility-aware training strategy that utilizes
a visibility mask to restrict training to observable and reliable 3D information.
We then detail the generative model architecture and describe our conditional
inputs. Finally, we explain the computation of the visibility mask (Sec. 3.3).

3.1 3D avatar tokenizer

To obtain a structured and unified 3D avatar representation from 2D images,
we propose leveraging a pre-trained reconstruction model, LCA [2], as the to-
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Fig. 2: The architecture of the reconstruction model. The transformer takes
image tokens and query point embeddings as inputs, and outputs GS tokens. The GS
tokens are decoded to get dynamic GS attributes. The resulting Gaussian splats are
rendered using LBS to obtain the final renderings.

kenizer. LCA is a reconstruction-based model designed to produce high-fidelity
3D tokens for input frames. Further details are provided in Appendix B of the
supplementary material.

We illustrate the high-level architecture of LCA in Fig. 2. The model can be
divided into two components: the tokenizer and the detokenizer. The tokenizer
encodes multiple input images into 3D tokens, while the detokenizer interprets
these tokens as Gaussian splats. Specifically, the inputs to the tokenizer consist
of multiple body and face images. Sapiens [36] then extracts image tokens from
the input images. Subsequently, N query points are sampled on a template
body mesh, denoted as X = {xi ∈ R3}, which is fixed and shared across all
identities. Images tokens and point embeddings are fed into a transformer, which
produces N GS tokens T = {ti ∈ RDT}. Each GS token ti is mapped to its
corresponding query point xi. During detokenization, each GS token is decoded
by a lightweight MLP-based decoder into eight Gaussian splats, resulting in a
total of 8N splats per identity. The decoder is further conditioned on pose and
expression parameters to enable dynamic GS features. Finally, LBS and splatting
are used to render the final image. During tokenization, we use four body images
and four face images as input, which are extracted from video data as detailed
in Sec. 4.1. The number of query points is set as N = 8, 192, while the dimension
of token is DT = 1, 024.

3.2 GenLCA

GenLCA is a flow-based diffusion model trained with the rectified flow objective
[43]. In this section, we detail the training strategy and model architecture of
GenLCA.

Token compressor The extracted GS tokens T ∈ RN×DT are high-dimensional
representations that are scattered in a loosely structured space. To obtain a more
compact space for generative model training, we use a compressor to encode the
GS tokens into latents.
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Fig. 3: (A) Training pipeline of GenLCA. During training, the high dimensional
GS tokens are first encoded into compact GS latent by the compressor encoder. For
conditional inputs, we use CLIP [58] to extract text embeddings and DINOv2 [50]
to extract scribble and body part embeddings. To prevent the training process from
being affected by corrupted information, we replace invalid regions (as indicated by
the visibility mask) with learnable placeholder features and employ a masked loss. (B)
Detailed architecture of the compressor. The compressor’s encoder and decoder
consist of MLPs for downsampling or upsampling, combined with self-attention blocks
for feature fusion. Positional encoding is applied within each block. (C) Detailed
architecture of the GenLCA block. We adapt the MMDiT block as the basic block
of GenLCA. Each GenLCA block takes the query points, time step, latent features,
and conditional features as inputs. Separate branches are used to process latent and
conditional features, and positional encoding is added to the latent features.

The detailed architecture of the compressor is presented in Fig. 3 (B). Both
the encoder and decoder are composed of multiple blocks, each containing a
MLP for downsampling or upsampling, as well as self-attention blocks for fea-
ture fusion. Additionally, the same set of query points X ∈ RN×3 used during
tokenization are encoded to obtain positional embeddings. The compressor is
trained with the following loss function:

Lcompressor = λ1L1(D(E(T,X),X),T) + λ2LKL, (1)

where D and E denote the encoder and decoder, respectively. The L1 recon-
struction loss is computed between the reconstructed tokens D(E(T,X),X) and
the ground truth tokens T. The KL divergence loss LKL is also included. λ1

and λ2 are the corresponding weights for the losses. The compressed latents
Z = E(T,X) ∈ RN×DZ have the same number of tokens as T, but with a lower
dimension DZ = 8.

Visibility-aware training After training the compressor, GenLCA is trained
in the latent space. However, due to the partial observability of monocular video
frames and the inherent limitations of the LCA reconstruction model in hallu-
cinating unobserved regions, the information for these areas is often blurry or
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incomplete, as discussed in Sec. 3.3. Directly training a generative model on such
imperfect supervision leads to noticeable quality degradation (discussed in Sec.
5.3). To ensure data quality and fidelity, we propose a novel visibility-aware train-
ing strategy, which utilizes a visibility mask (Sec. 3.3) to apply different training
strategies to latents corresponding to observable and unobservable regions. As
shown in Fig. 3 (A), we introduce learnable placeholder features that are shared
among all identities. To mitigate the influence of invalid information, we replace
invalid latent components with these placeholder features. While mask tokens
in masked image modeling [21] denote intentionally removed patches for self-
supervised reconstruction, our placeholders represent invalid latent components
caused by partial observability and prevent them from contaminating genera-
tive training. Additionally, during loss computation, we use masked weighting
to ensure that the loss is computed only over valid regions.

Model architecture The detailed architecture of GenLCA is illustrated in Fig.
3 (C). We adopt the double-stream MMDiT block [15] from Hunyuan [87]. In
this design, the latent features and conditional tokens are processed by separate
network branches (distinct branches are used for different modalities, this is
omitted from the figure for clarity) to obtain query, key, and value features.
These features are concatenated and used to perform attention. These attention
outputs are split into latent and conditional components, processed by separate
branches, and fed into the next block.

For modulation, we only use the time step. Additionally, we add point em-
beddings to the query and key features of the latents, as our latent features
maintain a one-to-one correspondence with the associated query points.

Conditional inputs For conditional inputs, as illustrated in Fig. 3 (A), we
utilize text descriptions, scribble images, and body part images. For text, we use
CLIP [58] to extract text embeddings Ctext. For scribble images, we use DINOv2
[50] to extract scribble embeddings Cscribble. Similarly, for body part images,
we input five body part images into DINOv2 and concatenate the resulting
embeddings to obtain the body part embeddings Cbody.

To enable flexible controllability, we design three types of input modalities:
text-only, image-only, and text-plus-image. During training, one of these modal-
ities is uniformly sampled as the conditional input. If the selected modalities
involve images (image-only or text-plus-image), we further uniformly sample be-
tween scribble images and body parts as the image input.

3.3 Visibility mask

As previously discussed, the tokenizer exhibits limitations in hallucinating un-
observed regions. Consequently, artifacts tend to appear in areas with limited
image information (Fig. 4 (B)). As described in Sec. 3.2, we employ a visibility-
aware training strategy to address this issue, which requires a visibility mask to
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Fig. 4: (A) The tokens accurately reconstruct the visible regions. After filtering out
all invalid tokens and retaining only the valid ones, the rendered results still achieve
high-quality reconstruction. (B) We present the rendered tokens in canonical space (1st
row), where blurry regions are highlighted with blue boxes and transparent regions with
yellow boxes. The visibility mask (2nd row) separates the valid and invalid regions.

label invalid regions. In this section, we provide a detailed explanation of the
visibility mask calculation.

As shown in Fig. 4 (B), when examining the complete set of tokens, we ob-
serve blurry back regions (highlighted by blue boxes) due to the input images
being exclusively frontal views, and transparent lower body regions (highlighted
by yellow boxes) resulting from the input images containing only upper body
views. To obtain the visibility mask, we render the decoded Gaussian splats us-
ing the corresponding camera and body poses from the input body image and
compute the gradients, which indicate each splat’s contribution to the rendered
image. Splats with low contributions are considered to have low “visibility” rel-
ative to the input image. A token is defined as visible if at least two out of
eight decoded splats are visible in at least one of the input views. This process
produces the visibility mask, as illustrated in the second row of Fig. 4 (B). The
corresponding Gaussian splats of filtered valid tokens are of high quality and ap-
pear realistic, whereas the invalid ones are typically blurry or even transparent.

4 Implementation Details

4.1 Training dataset

We construct the training dataset for GenLCA by encoding frames from monoc-
ular videos into structured 3D tokens using the tokenizer. Please refer to the
supplementary material for visual examples.
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Specifically, we reuse the video dataset employed for training LCA [2] to
construct our training token dataset. The video dataset comprises:
– In-the-wild data. A total of 1,113,476 monocular, human-centric real-world

videos are included to ensure diversity and broad generalization.
– Captured data. To provide cleaner data with comprehensive full-body cover-

age, the dataset additionally contains calibrated and synchronized multi-view
videos of 2,737 identities recorded in a studio capture setup similar to [47].
Furthermore, 1,198 individuals are recorded using mobile phones, where par-
ticipants perform a full-body rotation to ensure complete coverage from di-
verse viewpoints.
For each identity, we select frames with the largest differences in yaw an-

gles as body input images, maximizing the coverage of observable body regions.
Additionally, we randomly sample multiple frames from the video and crop the
face region to serve as face input images. These images are processed by the
tokenizer to obtain GS tokens T. The final token dataset comprises 1,117,411
identities. For evaluation purposes, we sample 1,000 high-quality identities from
the captured dataset to serve as our test set.

For each input image, we use Sapiens [36] for body segmentation and back-
ground removal. For multi-modal generation and editing, each image is anno-
tated with three types of labels: text descriptions, scribble images, and body
part images. Please refer to the supplementary material for further details.

4.2 Model architecture and training details

Compressor. Our compressor maps the token T ∈ R8192×1024 to a latent rep-
resentation Z ∈ R8192×8 via an encoder, and reconstructs T′ ∈ R8192×1024 using
a decoder. The encoder consists of seven blocks with progressively reduced chan-
nel dimensions [512, 256, 128, 64, 32, 16, 8]. The decoder contains five blocks with
channel dimensions [32, 64, 128, 512, 1024]. The number of tokens (8,192) remains
constant throughout. We use SiLU activations and Layer Normalization in all
MLP layers and at the input of each self-attention block. The compressor is
trained on 32 NVIDIA A100 GPUs with a batch size of 256 for one day. The
learning rate is linearly warmed up from 4× 10−10 to 4× 10−4 over the first 1K
iterations. The reconstruction loss weight is set to 1.0, while the KL divergence
weight is increased linearly from 1× 10−3 to 1× 10−2 over 10K iterations.
GenLCA. The denoising network of GenLCA consists of 28 blocks, each with
1,024 channels, 16 attention heads, and an FFN with an MLP ratio of 4.0. RM-
SNorm [82] is applied to the query and key features. The number of latent tokens
(8,192) remains constant across all blocks. For conditional input tokenization, we
use the huge version of MetaCLIP and the big version of DINOv2 with registers.
GenLCA is trained with the rectified flow objective using the Conditional Flow
Matching (CFM) loss [43] with σmin = 1 × 10−5. Training is performed on 64
NVIDIA A100 GPUs with a batch size of 128 for four days. The learning rate
is linearly warmed up from 2 × 10−10 to 2 × 10−4 over the first 1K iterations.
Classifier-free guidance [24] is employed by randomly replacing conditional to-
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“A broad, middle-aged man with a clean-shaven 
face and short, salt-and-pepper hair, dressed in a 

crisp white lab coat, light blue dress shirt, dark 
trousers, and black dress shoes, with a 
stethoscope draped around his neck.”

“A person with short pink and purple ombre hair 
wears a vintage band hoodie in black, ripped 

mom jeans in light blue, and chunky white dad 
sneakers with pastel accents.”

“A petite young adult with short, curly hair, 
wearing a white martial arts gi with a black 

belt, barefoot, and sporting a red headband.”

“A man with a medium build, shoulder-length 
straight hair, wearing a crisp white dress shirt, 

navy vest, and tailored gray trousers.”

“A muscular young adult male with close-
cropped hair, dressed in a sleeveless athletic 
tank top, running shorts, and bright running 

shoes, with a fitness tracker on his wrist and a 
sweatband on his forehead.”

“A tall, athletic woman in her mid-twenties with a 
high ponytail, wearing a fitted blue tracksuit, white 

running shoes, and a fitness armband, with wireless 
earbuds in her ears.”

“Her shoulder-length dark hair is blown 
back by the wind. She has on a bright 

orange windbreaker, fitted ski pants, and 
goggles perched on her forehead.”

“A tall, broad-shouldered woman with straight 
jet-black hair tied in a ponytail, dressed in a 

chef’s white uniform and black apron.”

“A fit woman with a fishtail braid wearing 
cropped athletic leggings, a long-sleeve 
crop top in neon pink, barefoot training 
shoes, and moisture-wicking headband 

across forehead.”

“A surgeon with hair covered by a surgical cap wearing 
teal scrubs, a disposable gown tied at back, latex 

gloves, surgical mask hanging below chin, compression 
socks, and comfortable clogs with ventilation holes.”

“Someone with a high-top fade hairstyle dressed in a 
sherpa pullover with quarter-zip, shorts over 

compression tights, crew socks pulled high, and 
basketball sneakers with ankle support.”

“A muscular man with a full dark beard and man 
bun wearing ripped skinny jeans, a fitted 

burgundy henley shirt, brown ankle boots, and a 
leather cuff bracelet.”

Fig. 5: 3D avatars generated by GenLCA from texts. All results are generated
with CFG scale = 5.0, 50 sampling steps, and animated with random poses.

kens with zero tokens with a probability of 0.25. During inference, sampling is
performed using an explicit Euler solver with 50 steps.

5 Results

5.1 Visual results

We present text-conditioned generations in Fig. 5. GenLCA is capable of gener-
ating animatable and realistic 3D humans that accurately align with the input
text descriptions. Our method supports a wide range of variations, including
gender, age, as well as diverse clothing styles and hairstyles. In Fig. 1, we demon-
strate sequential editing using text, scribble images, and body part images as
inputs. Please refer to the supplemental material for details about the editing
implementation and additional visual results.

5.2 Comparison

We compare GenLCA with SOTA SDS-based 3D full-body avatar generation
methods (TADA [42], HumanGaussian [44], and DreamWaltz-G [31]) and dif-
fusion models that directly model the 3D human distribution (TeRA [69] and
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“A middle-aged woman with a round build and shoulder-length straight hair, wearing a pastel 
pink nurse’s uniform, white sneakers, and a name badge clipped to her chest pocket.”

HumanGaussian

Ours

DreamWaltz-GTADA

SIGMANTeRA

“A construction worker with a ruddy complexion, wearing a high-
visibility vest over a flannel shirt.”

HumanGaussian

Ours

DreamWaltz-GTADA

SIGMANTeRA

Fig. 6: We compare our GenLCA with SOTA methods, including SDS based ap-
proaches: TADA [42], HumanGaussian [44], and DreamWaltz-G [31], and text con-
ditioned 3D human diffusion models, TeRA [69] and SIGMAN [78]. We use the same
text prompt as input. In addition to full-body renderings, we also provide zoomed-in
views for comparison of facial regions.

SIGMAN [78]). Additionally, we provide comparisons with 3D human recon-
struction methods in the supplemental material.

Qualitative comparison Using the same text prompts, we show examples
generated by SOTAs and GenLCA in Fig. 6. All SDS-based methods exhibit
unrealistic visual styles. Both TeRA and SIGMAN demonstrate poor semantic
alignment compared to other approaches. In the nurse case, although TeRA suc-
cessfully generates a nurse avatar, it fails to produce the correct color of the
uniform (“pastel pink nurse’s uniform”). SIGMAN fails to generate an aligned
appearance in both cases. Additionally, TeRA suffers from a synthetic appear-
ance, whereas SIGMAN demonstrates low visual quality. In contrast, GenLCA
produces superior generation results in both semantic alignment and color, with
realistic facial details and overall higher fidelity.
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Table 2: Quantitative comparison results with SOTA methods. ■ and ■ denote the
1st and 2nd places.

Method Semantic Align Quality FID ↓ Inference Time↓BLIP-VQA ↑ Text CLIP Score ↑ CLIB-FIQA ↑ HyperIQA ↑ 2D Diffusion THuman 2.0 HuGe100K

TADA [42] 0.50 0.71 0.48 55.02 188.19 N/A N/A 2.5h
HumanGaussian [44] 0.62 0.73 0.39 33.61 239.33 N/A N/A 1.2h
DreamWaltz-G [31] 0.58 0.75 0.50 59.33 175.23 N/A N/A 3.0h

TeRA [69] 0.42 0.67 0.44 44.01 151.80 N/A N/A 12s
SIGMAN [78] 0.29 0.58 0.42 56.11 280.06 121.40 160.48 3s

GenLCA 0.64 0.76 0.55 63.05 160.91 96.03 76.50 12s

Table 3: User studies. ■ and ■ denote the 1st and 2nd places.

Method User study ↑
Semantic align. Consistency Visual quality Geometric quality

TADA [42] 2.89 3.18 2.29 2.15
HumanGaussian [44] 3.59 3.37 2.79 2.77
DreamWaltz-G [31] 3.68 3.93 3.41 3.37

TeRA [69] 2.63 3.74 3.30 3.28
SIGMAN [78] 1.65 1.86 1.40 1.52

GenLCA 4.56 4.68 4.65 4.63

Quantitative comparison We use 50 text prompts to generate 50 avatars for
each method. Each avatar is rendered from multiple viewpoints (frontal, side,
and back), resulting in three rendered images per avatar for evaluation.
Semantic alignment. We use BLIP-VQA from Progressive3D [10] to measure
semantic alignment. Additionally, we estimate captions from the rendered im-
ages, and compute the CLIP feature distance between the estimated captions
and the ground-truth text (Text CLIP score).
Visual quality. To evaluate the quality of the rendered avatar images, we em-
ploy CLIB-FIQA [51], a specialized method for assessing human facial image
quality. For full-body avatar image quality assessment, we adopt HyperIQA [62].
We report FID [22] between the renderings of text-generated avatars and 2D
diffusion-generated images (using the same text). Note that SDS methods and
TeRA cannot be conditioned on images, making it infeasible to report metrics of
them on large-scale image datasets. For methods that support image as inputs
(SIGMAN and GenLCA), we generate avatars using 200 images from THuman
2.0 [80] and 200 from HuGe100K [90], and compute FID between the avatar
renderings and the ground-truth images. Further details of evaluation metrics
are provided in the supplemental material.
User study. We recruited 30 participants to evaluate rotating videos of 50 text-
generated avatars produced by different methods. Each participant was presented
with the results of 10 randomly selected avatars and asked to rate them on a
5-point scale across four criteria: text alignment, multi-view consistency, visual
quality, and geometric quality. The questionnaire template used in the user study
is provided in the supplementary material.

Tabs. 2 and 3 summarize our quantitative evaluations. Our GenLCA out-
performs all state-of-the-art methods in semantic alignment, visual quality, and
human preference by leveraging large-scale, real-world video data. In contrast,
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“A chef with a round, clean-shaven face and white toque, wearing a double-breasted white uniform.”

Full Model - visibility-aware training - learnable placeholder - in-the-wild data

Fig. 7: We conduct ablation studies by individually removing the visibility-aware train-
ing, learnable placeholder, and in-the-wild training data components to demonstrate
the effectiveness of each.

SDS-based approaches rely on 2D diffusion models to achieve strong semantic
alignment, but this results in reduced visual quality. Meanwhile, 3D human diffu-
sion model counterparts are trained on much smaller datasets, which negatively
impacts both respects. Regarding FID, TeRA is trained on diffusion-generated
images and therefore naturally aligns with the 2D diffusion distribution. GenLCA
achieves improved FID on image datasets compared to SIGMAN.

5.3 Ablation studies

We conduct ablation studies to evaluate the effectiveness of the proposed train-
ing strategies. Fig. 7 shows the comparison results. Additional evaluations are
provided in the supplemental material.
Visibility-aware training. We assess the impact of the visibility-aware train-
ing strategy by training the diffusion model directly on all tokens. We include
both valid and invalid tokens as training data, and perform loss computation
on all tokens. Without visibility-aware training, the model exhibits noticeable
blurriness and transparency in the lower and back body, similar to the invalid
regions present in the training data.
Learnable placeholder. To validate the effectiveness of the learnable place-
holder, we replace all invalid region with fixed zero tokens during visibility-aware
training. We observe that in the absence of a learnable placeholder, the generated
avatars display unnatural color.
In-the-wild data. To evaluate the generalizability provided by in-the-wild data,
we train GenLCA exclusively on indoor capture data, containing 3,000 identities.
Without in-the-wild data incorporated into the training set, the model overfits
to the captured data and fails to generate text-aligned results, showcasing poor
generalization.

6 Conclusion

GenLCA achieves state-of-the-art quality through data scalability enabled by
large-scale, imperfect real-world videos. This effective utilization of imperfect
data is realized by (i) using a feed-forward reconstruction model to tokenize
real-world videos, and (ii) introducing a visibility-aware training scheme that
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handles partial observations. Experiments show that leveraging real-world videos
significantly improves both the diversity and generalizability of the model, while
the visibility-aware scheme filters unreliable signals to maximize use of high-
quality data. The resulting 3D avatar diffusion model charts a path toward
2D-scale training for 3D digital humans.

The quality of GenLCA is constrained by its reliance on Linear Blend Skin-
ning inherited from the reconstruction model for animation. Failures mainly
occur under limited visibility or low coverage, e.g., extreme poses, rare text
prompts, and over-smoothed or missing details in less observed regions such as
the back (see examples in supplemental material). For future work, we aim to
further strengthen the reconstruction model to boost fidelity and drivability, and
to expand the data scale for continued gains.
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