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A. Additional Qualitative Results

Please see supplementary video for additional qualitative
results.

B. Network Architecture

In this section, we describe the design of our network archi-
tecture in detail.

B.1. Tokenization Details

We use Sapiens-1B [3] as our image feature extractor. Face
crops are obtained by detecting face keypoints using Sapi-
ens, computing a bounding box from the keypoints, and
cropping and resizing to the target resolution. The G=8,192
geometric tokens are sampled from the surface of a tem-
plate mesh from MHR [2], with half sampled on the face
region and half on the body to provide higher resolution
in the face area. The positional encoder FPE uses fixed
Fourier features: given a 3D point, we compute sin and cos
at 6 logarithmically spaced frequency bands (20, 21, . . . , 25)
and concatenate the result with the raw input, yielding a 39-
dimensional encoding per point. This encoding is then pro-
jected to the token dimension D=1024 via a single MLP
layer (Fproj-gs) for use in the subsequent attention layers.

B.2. Transformer

As described in Section 3.1 of the main paper, each LCA
Transformer layer comprises three components: (1) self-
attention over image tokens, (2) self-attention over geome-
try tokens, and (3) multimodal attention. All attention mod-
ules use 16 heads.

For the image self-attention module Aimage, we follow
VGGT [5] by augmenting the image token sequence with
four additional learned registry tokens, which are discarded
after the layer. We also apply 2D Rotary Positional Encod-
ing (2D-RoPE) to preserve spatial information within each
image.

For the multimodal attention module Amultimodal, we
adopt a two-stage design inspired by the Body–Face MM-T
block in LHM [4]. Specifically, face image tokens attend
to face geometry tokens first. The resulting face geometry
features are concatenated with body geometry tokens, and
this combined set is then attended by body image tokens,

enabling bidirectional cross-modal interaction. Formally,

Tgs-face,Tgs-body = split(Tgs), (1)

Tglobal = Fproj(AvgPool(Tbody)), (2)

Tgs-face,Tface = AMM-T(T
gs-face,Tface;Tglobal), (3)

Tgs = concat(Tgs-face,Tgs-body), (4)

Tgs,Tbody = AMM-T(T
gs,Tbody;Tglobal). (5)

We compute the global feature Tglobal ∈ R1×D by first av-
eraging the body image tokens across all spatial locations,
followed by a learnable projection through an MLP Fproj.

B.3. Gaussian Decoder
Both the canonical decoder Hcano and the pose-dependent
decoder Hpose are lightweight networks, each composed of
four fully connected layers. We use LeakyReLU activation
functions between layers to improve stability and gradient
flow. The hidden dimensionality of all intermediate lay-
ers is set to 128. This compact design enables fast infer-
ence while maintaining sufficient representational capacity
for high-quality Gaussian decoding.

B.4. Inference Efficiency
To achieve real-time performance, we decouple the infer-
ence process into a one-time initialization stage and a run-
time animation stage. The computationally intensive trans-
former encoder and canonical decoder are executed once
per subject to generate the canonical Gaussian parameters
and geometry tokens. This initialization step takes approxi-
mately 2.1 seconds on a single NVIDIA A100 GPU.

For subsequent animation frames, only the lightweight
pose-dependent decoder, Hpose, is evaluated. This compo-
nent is highly efficient, requiring approximately 1.7 ms per
forward pass. This design ensures that our method allows
for high-fidelity, interactive applications such as VR/AR
telepresence and real-time character control.

C. Training Parameters
We train our models using 64 NVIDIA A100 GPUs (80GB)
via Distributed Data Parallel (DDP). For both training
stages, we set the per-GPU batch size to 1, resulting in
a total effective batch size of 64. The pretraining stage
is conducted for 1 × 105 iterations, taking approximately
100 hours. Subsequently, the post-training stage is fine-
tuned for 1 × 104 iterations, which requires approximately



10 hours to converge. For the loss weights, we set the ℓ1
and LPIPS coefficients to 0.1 each, and the regularization
weight λ = 1.0.

D. Analysis of Latent Feature Distribution
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Figure S1. PCA of Geometric Token Features. Visualization of
the feature space distributions produced by models trained with
different strategies. Green points denote studio-captured subjects,
while red points denote in-the-wild subjects.

We analyze the distribution of the learned geometric
token features, T gs, to understand how different training
strategies handle the domain gap between datasets. We
extract features for unseen subjects from both the studio-
capture and in-the-wild test sets. For each subject, we com-
pute a global feature vector by averaging the geometric
tokens and projecting them into 2D space using Principal
Component Analysis (PCA). As shown in Figure S1, mod-
els trained on ITW-only or Mixed data form distinct clus-
ters for studio (green) and in-the-wild (red) samples, lim-
iting synergetic improvement of both fidelity and general-
ization. In contrast, our proposed pre/post-training strategy
effectively aligns these distributions, treating inputs from
both domains consistently. This suggests that our approach
learns a robust, high-fidelity, and domain-agnostic represen-
tation of human geometry, effectively leveraging the two
distinctive training data sources.

E. Additional Ablation Studies
We ablate the decoder architecture and post-training learn-
ing rate decay (γ) in Tab. S1. Our dual-branch residual
design outperforms the single-branch non-residual variant,
likely due to improved pose-dependent decoupling. For the
learning rate decay, γ=0.00 (no decay, all layers trained
at the same rate) severely degrades studio metrics, indicat-
ing catastrophic forgetting of pretraining knowledge. Both
γ=0.30 and γ=0.65 perform well; we use γ=0.65 in our
final model as it offers a good balance across both domains.

We also study the effect of data scale on the pre/post-
training paradigm (Tab. S2). Training LCA at 10× smaller
scale (100K pretraining identities and 500 post-training
identities) still yields improvements over baselines, con-
firming that the benefits of our two-stage approach are not
solely attributable to data scale.

Configuration
Capture-Studio In-the-Wild

L1↓ LPIPS↓ PSNR↑ L1↓ LPIPS↓ PSNR↑

Decoder Architecture

Single-Branch 0.0088 0.0742 30.370 0.0103 0.0516 27.936

Dual-Branch (Ours) 0.0082 0.0688 30.514 0.0096 0.0491 28.175

Post-Training Learning Rate Decay (γ)

γ = 0.00 0.0117 0.0904 27.464 0.0096 0.0507 27.669

γ = 0.30 0.0076 0.0614 30.609 0.0096 0.0482 28.252

γ = 0.65 (Ours) 0.0082 0.0688 30.514 0.0096 0.0491 28.175

γ = 1.00 0.0085 0.0694 30.464 0.0114 0.0512 27.478

Table S1. Ablation study on decoder architecture and post-
training learning rate decay. Our dual-branch residual design
outperforms a single-branch variant. The learning rate decay is
critical for preserving pretraining knowledge, with γ=0.00 (no de-
cay) severely degrading studio performance.

Train Data Size
Num. Identities

Capture-Studio In-the-Wild
L1↓ LPIPS↓ PSNR↑ L1↓ LPIPS↓ PSNR↑

Pre-100K + Post-500 0.0088 0.0723 30.398 0.0130 0.0606 26.754

Pre-1M + Post-2.7K (Ours) 0.0082 0.0688 30.514 0.0096 0.0491 28.175

Table S2. Effect of training data scale. Pre/post-training bene-
fits persist even at 10× smaller scale (100K pretraining identities,
500 post-training identities), with consistent trends across both do-
mains.

Method L1↓ LPIPS↓ PSNR↑

No Deformer 0.0304 0.2452 24.538

LCA (Ours) 0.0238 0.2189 26.013

Table S3. Loose garment deformer ablation. Quantitative eval-
uation on loose-garment sequences. The full model with the de-
former improves all metrics and reduces splitting artifacts.

We quantitatively evaluate the effect of the deformer
module on loose-garment sequences in Tab. S3. The full
model with the deformer improves all metrics and signifi-
cantly reduces splitting artifacts. We find the deformer ben-
efits from multi-view post-training data to effectively con-
strain cloth deformation.

F. Comparison with Alternative Paradigms

We qualitatively compare LCA with Wan-Animate [1], a
2D video diffusion method, and GUAVA [6], an upper-body
3D Gaussian avatar method, in Fig. S2. Relative to video
diffusion approaches, LCA is more compute-efficient, en-
ables real-time on-device animation, and exhibits stronger
holistic 3D consistency, while diffusion baselines can hal-
lucinate and struggle with long-form generation. Compared
to GUAVA, which only supports upper-body reconstruction,
LCA produces full-body avatars with higher fidelity.
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Figure S2. Qualitative Comparison with Alternative
Paradigms. Comparison with Wan-Animate [1] (2D video dif-
fusion) and GUAVA [6] (upper-body 3D Gaussian avatar).
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