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A. Additional Results

Qualitative Comparison on Avatar Reposing. As
shown in Fig. A1, direct deformation of characters from the
reconstruction results in input poses could fail on body parts
and clothing due to self-contact and self-occlusion. Directly
generating the reposed 3DGS avatar Gp, by AdaHuman
could better generalize to a novel target pose P;, synthe-
sizing realistic details of the deformation of the clothe.

Animating Standard Pose Avatars. Fig. A2 showcases
the animation results of using the animatable avatar from
Avatar Reposing with a standard pose condition. Although
the model is not directly trained with standard pose data, it
learns to generalize to the standard poses with the help of
the diverse distribution of poses in MVHumanNet[11].

B. Limitations and Future Directions

Despite the advancements, some limitations of our method
warrant further exploration. The local refinement strategy
may encounter difficulties with occluded or poorly covered
regions, particularly around hands and arms, leading to ar-
tifacts and limiting fine-grained animation in these areas.
Additionally, while our model can generate avatars in an
animation-friendly standard pose, the animation capability
still relies on the alignment of the SMPL body models and
their skinning weights, which poses challenges in detailed
animation such as facial expressions, hand gestures, and
garment deformation. Future work could explore better in-
tegration of body models and simulation-based methods, as
well as the use of video diffusion model to enhance the an-
imation quality.

C. Implementation Details

Network Structure. In Fig. A3, we illustrate the archi-
tecture of our Pose-Conditioned Multi-View Image LDM
model, along with the 3DGS generators G and G¢omp. For
the LDM model, following [3], we enable 3D cross-view
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attention only in layers with a feature map resolution of
< 32 x 32. We also add extra input channels to the la-
tent maps for camera ray maps, condition masks, and se-
mantic pose maps. For G, we adopt the architecture of the
pre-trained LGM-big model [9] and include additional input
channels for noisy images x;.

Additional, as an ablation mentioned at ??, we hvae tried
training a compositional 3DGS generator Gomy, for Learn-
able Composition. Based on the LGM network, we insert
an additional cross-part self-attention layer after each orig-
inal cross-view self-attention layer in the LGM network.
Note that the output image resolution of our LDM model
is 512 x 512, which is then downsampled to 256 x 256, the
input resolution for the 3DGS generator G.

Ray Map Embedding. We use different methods to em-
bed ray map information for the image LDM model and the
3DGS generators G and G¢omp. For the 3DGS generators,
to effectively utilize the pretrained weights of LGM, we
scale the entire scene to ensure a camera distance of r = 1.5
meters and use Pliicker ray embeddings as described in Eq.
4 of the main text.

For the LDM model, we employ sinusoidal positional
embeddings [10] to encode ray origins and directions, pro-
viding rich information about 3D locations across different
cropping scales:

RLDM(ivj) = PE(O(Za])ad(%])) (D

where PE is the sinusoidal positional encoding function,
with the number of octaves Nyciaves SEt tO 8.

View Sampling. Since our training data consists of multi-
camera video captures in a 3D scene, the avatar is not al-
ways positioned at a standard location. We use 2D joint lo-
cations and foreground mask areas to crop global and local
training views, resizing them to a resolution of 512 x 512.
In Tab. 1, we list the OpenPose joints used to determine the
cropping centers and relative size ratios of the local crops.
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Figure A2. AdaHuman generates animation-ready avatar in a standard pose, which can be animated with unseen input motion.

During inference, after obtaining coarse reconstruction re-
sults with global views, we render N,, = 20 views to esti-
mate 3D joints using EasyMocap [1], which helps sample
local views for our compositional 3DGS refinement.

Parts ‘ Full body  Upper Body Lower Body Head
Joints Pelvis Neck Left Ankle, Right Ankle Left Ear, Right Ear
Scale 1.0 0.5 0.5 0.25

Table 1. Body part sampling details.

Training Schedule. We initialize our LDM model with
the official weights of stable-diffusion-v1-5'[8]
and our 3DGS generator G with LGM-big” [9].

For training the LDM model weights 6, the model first
learns to predict K = 3 canonical views from one input
view (V' = 1) without pose conditioning. We fine-tune
the model on predicting global full-body views for 20, 000
iterations, followed by fine-tuning on all N, + 1 = 4
global and local view for another 30, 000 iterations to obtain
Ono_pose. Finally, we fine-tune the pose-conditioned model
weights Oovel pose from Oy, pose. This model learns to pre-
dict K = 4 canonical views of a novel pose avatar from
V' = 1 input views sampled from different frames in the

]https ://huggingface.co/stable-diffusion-v1-5/
stable-diffusion-v1-5

Zhttps://huggingface . co/ashawkey/LGM/ resolve /
main/model_fplé6_fixrot.safetensors

same video sequence. The novel pose synthesis model is
fine-tuned for 1, 0000 iterations using all IV, +1 = 4 global
and local views.

For training the 3DGS generator model G, we first fine-
tune it from pre-trained weights using clean full-body im-
ages in MVHumanNet [11] for 2,000 iterations to adapt
it for human reconstruction. Then, we randomly sample
diffusion timesteps to train with both noisy inputs x; and
clean inputs xg for 20, 000 iterations. The 3DGS model G
is also fine-tuned on local views for an additional 20, 000
iterations. We use N, = 12 reference views of each part
to supervise the predicted 3DGS.

All training processes are conducted on 16 NVIDIA
A100 80GB GPUs, with a total batch size of npaicn, = 128
and a learning rate of = 5 x 107>,

Training Losses. The training losses for the pose-
conditioned LDM and the 3DGS generator are as follows:

Lipm = Lusk(e €o) (2)
£G = ‘Crecon + /\regﬁreg 3
crecon = AMSEEMSE()A(E;;OQD Xnovel)
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where the training loss of LDM, denoted as L1 py, is the
MSE loss of the predicted latent noise. The training loss of
G consists of rendering reconstruction loss computed using
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Figure A3. Network Architectures of (1) Pose-Conditioned Multi-View LDM Model and (2) Compositional 3DGS Generator.

MSE and LPIPS. Following [12], we also incorporate the
3DGS regularization loss from [6, 14] to enhance surface
quality.

Inference. This section details the inference pipeline of
avatar reconstruction and avatar reposing our method. In
both settings, we perform 3D joint diffusion on global
views only when ¢ € (500,900] to maintain the stability
of the diffusion process. The earlier steps focus on pure
2D diffusion to generate more detailed appearances. Dur-
ing image-to-image local refinement, we utilize SDEdit [7]
with a strength of s = 0.5, meaning that denoising be-
gins at ¢ = 500 and 3D joint diffusion is performed when
t € (350,500].

D. Evaluation Settings

Baseline Models. Our baseline methods, including Hu-
man3Diffusion [12], LGM [9], SiTH [5], and SIFU [15],
have been trained on various 3D mesh datasets [2, 4, 13]. In
this work, our aim is to demonstrate the advantages of train-
ing models on both mesh datasets and video datasets for
better pose generalization and the synthesis of novel pose
characters. We utilize their official weights for comparison.
We also note that some models (e.g. [12]) rely on private
data or synthesized meshes for training.

Avatar Reconstruction. We selected front views of the
mesh avatar as input views, rendered by horizontal perspec-
tive cameras for a fair and realistic comparison. The results
of the quantitative evaluation are rendered at a resolution of
1024 x 1024 using 20 perspective cameras.

Avatar Reposing. For SiTH [5] and SIFU [15], we de-
form their avatars to the target pose and align the avatar
meshes with the ground-truth SMPL meshes to render im-
ages for evaluation.
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