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A Limitations and future works

Although our method achieves state-of-the-art performance
in both novel view and pose synthesis, it is not free from
limitations. (1) Due to the constraints of current off-the-
shelf single-image human mesh recovery methods, we use
SMPL to establish geometry and appearance conditions for
scalable training. However, SMPL lacks expressiveness in
regions such as the face and hands, resulting in artifacts
in these areas. Future works could explore scalable solu-
tions inspired by recent efforts, such as regional supervi-
sion [8]. (2) While we utilize Stable Video Diffusion to
model view and pose synthesis, achieving strong consis-
tency across both spatial and temporal dimensions, some
challenges remain. Specifically, we occasionally observe
degradation in fine-grained detail quality and difficulties
in accurately generating complex clothing textures, partic-
ularly during significant clothing deformations. Address-
ing the former may involve increasing the image resolution
and exploring advanced video generative models, such as
CogVideoX [9]. For the latter, leveraging synthetic human
datasets with intricate textures presents an exciting avenue
for future research.

B Ethical considerations

Human subjects data. We adhere to strict ethical guide-
lines in the collection and use of data involving human sub-
jects. Below, we provide details on how we obtained each
dataset utilized in our work:

e THuman2.1 [10] is a publicly available dataset. We
signed the necessary agreement with the dataset authors
to obtain access via an official download link.

e 2K2K [3] and MVHumanNet [7] follow the same pro-
cedure as THuman2.1, involving an agreement with the
authors to obtain official download links.

» TikTok Dataset [6] is publicly available and was down-
loaded in its preprocessed form from MagicPose [1].

* Additional Real-World Data was manually selected and
filtered from the publicly released portions of Champ [11]
training data.

Broader Impact. Our proposed method enables affordable
and accessible solutions for a wide range of applications.

By leveraging generative Al, we transform content genera-
tion, making it possible to generate novel views and poses
from just a casually-captured single image. It has the po-
tential to revolutionize fields such as virtual reality, gam-
ing, and digital content creation by significantly lowering
the barriers to high-quality multi-view synthesis and ani-
mation.

However, along with these benefits come potential risks
that warrant careful consideration. The misuse of genera-
tive Al in creating synthetic content raises ethical concerns,
such as the possibility of producing misleading or harmful
media. Additionally, privacy concerns may arise when real-
world data is used for training, especially when the data in-
volves human subjects. Ensuring robust safeguards, trans-
parent practices, and compliance with ethical standards is
crucial to mitigate these risks while maximizing the posi-
tive impact of our method.

C Implementation details

C.1 Model architecture

We detail the processing of each conditioning input and
their integration into the video diffusion model, as illus-
trated in Figure 1. Starting with a single reference image
Irey € RIXWXC we extract its VAE latent representation,
repeat it 7' times, and concatenate it with the input noise
latent along the channel dimension. This combined repre-
sentation is passed through a convolutional layer to generate
Cvae c RTlexwlxcl'

For the geometry cue, represented as a sequence of
SMPL normal maps, we use a 2D ConvNet €, to extract
features Cympi € RT>*HixWixCh  Similarly, for the ap-
pearance cue, which consists of corresponding NeRF ren-
derings, we pass the sequence through a VAE and sub-
sequently a 2D ConvNet €, to obtain features Cher €
RTle ><W1><Cl_

The feature representations Cyae, Cmpl, and Crerp are
element-wise added and fed into the diffusion UNet Ug to
predict noise. Additionally, the CLIP embedding of the ref-
erence image, hjp € R4, is repeated 7' times to match the
frame sequence and injected into g via cross-attention.

Finally, the switcher, represented as a one-hot vector, is
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Figure 1. Network architecture for processing the conditions of the video diffusion model. €., and €., denote geometry encoder and
appearance encoder, respectively. @ denotes element-wise addition. The switcher embedding and time embedding are injected into the
diffusion model in the ResNet layers; the CLIP embedding is injected through the cross attention mechanism.

embedded and element-wise added to the time embedding.
This is also repeated 7" times to align with the frame se-
quence and injected into Ug within the ResNet layers.

C.2 Training details

We leverage a combination of 3D human scans, multi-view
videos and monocular videos to train our diffusion UNet
Ue, geometry cue encoder €4, and appearance cue encoder
€appr-

For 3D scans, we utilize 20 renderings for training the
novel view synthesis task. A view is randomly selected as
the reference, and the model is tasked with predicting all
20 consecutive novel views. Note that the reference view
and the predicted starting view do not need to be the same.
Furthermore, the order of the predicted views is randomly
determined, i.e., either clockwise or counterclockwise.

For multi-view videos, we train the model for the novel
pose synthesis task. A frame is randomly selected as the
reference image, and the model is tasked with predicting a
20-frame video clip. For a single pose, we also experiment

with the novel view synthesis task. However, due to the
fluctuating camera trajectory and sparse camera setup, we
observe suboptimal outcomes.

For monocular videos, each video is split into a sequence
of images at 30 frames per second. We sample one im-
age every four consecutive frames for training. Similarly, a
frame is randomly chosen as the reference, and the model is
tasked with predicting 20 consecutive frames.

D Additional results

D.1 Runtime at inference

Given a single in-the-wild image, we report the runtime of
our proposed method, in terms of both novel view and pose
synthesis. The detailed runtime breakdown is as follows.
(1) geometry cue rendering; (2) appearance cue rendering;
(3) video diffusion inference. The runtime is reported on a
single NVIDIA A800 GPU and measured in seconds.

Novel view synthesis. We report the runtime for generat-
ing 20 novel views given a single input image, as shown in



Table 1.
20 frames  Per frame
Geo. cue rendering 5.81 0.29
Appr. cue rendering 28.6 1.43
Diffusion inference 15.88 0.79
Total runtime 50.29 2.51

Table 1. Runtime at inference for generating 20 novel views of
a single human image.

Novel pose synthesis. We report the runtime for generating
100 consecutive novel poses from a single input image, as
shown in Table 2. The additional video diffusion inference
time arises due to the 6-frame overlap between consecutive
video segment windows.

100 frames Per frame
Geo. cue rendering 29 0.29
Appr. cue rendering 143 1.43
Diffusion inference 106.49 1.06
Total runtime 278.49 2.78

Table 2. Runtime at inference for generating 50 consucutive
novel poses from a single human image.

Efficiency comparison. We provide a comparison of run-
time and VRAM usage with the strongest baseline Champ
[11], as shown in Table 3.

fps  VRAM (GB)
Champ 0.57 9.88
Ours 0.40 5.32

Table 3. Efficiency comparison with baseline method.

D.2 Ablation on merging novel view & pose tasks

We provide quantitative ablation analysis on merging both
novel view and novel pose tasks into one model. From the
static novel view synthesis perspective, the unified frame-
work allow us to train on the abundant internet videos -
which leads to the improved generalization, as shown in the
main paper. It does not hurt the in-domain dataset perfor-
mance according to Table 6.

From the pose animation perspective, training on addi-
tional 3D datasets can improve the quality when we animate
the avatar from a novel view, as shown in Table 4.

Training data PSNRT SSIMt LPIPS| FVD|]
Monocular videos 28.67 0.946 0.041 208.3
Full 28.74 0.945 0.040 188.5

Table 4. Quantitative ablation on merging view synthesis and
pose animation into one model. Results reported for novel view
animation task on MVHumanNet dataset.

D.3 Ablation on switcher

In addition to the qualitative ablation for the switcher pre-
sented in the main paper, we also conduct quantitative abla-
tion analysis on the switcher. With the switcher, our method
effectively supports both novel view and pose synthesis,
while also providing comparable or even better quantitative
results, as shown in Table 5.

PSNR1 SSIMT LPIPS| FVD/]
w.o. switcher ~ 26.58 0.944 0.042 198.9
w. switcher 26.77 0.943 0.041 194.8

Table 5. Ablation on switcher for novel view synthesis task on
THuman.

D.4 Novel pose results on scan datasets

We show the novel pose animation results for subjects in
THuman and 2K2K in Figure 2, where the reference im-
ages are animated through pose sequences derived from dis-
parate videos.
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Figure 2. Novel pose results on THuman and 2K2K. The refer-
ence images are animated by pose sequences derived from MVHu-
manNet dataset.

D.5 Robustness to input view angles

We train our model using an arbitrary view as input. Thus,
we are interested in the novel view synthesis robustness
from different input view angles. To this end, we present
our quantitative results in Table 7. We find that our pipeline
demonstrates robustness with different views of input. Vi-
sualized results are shown in Figure 6, where our proposed
method can maintain the faithful appearance near the refer-
ence view and generate reasonable appearances in unseen
regions.

D.6 Ablation on video diffusion model

Fig. 3 (left) presents quantitative ablations on both novel
view and pose synthesis tasks, showing consistent improve-
ments over the direct output of the generalizable NeRF re-
sults, denoted as before diff. Fig. 3 (right) shows qualitative
results on MVHumanNet dataset: NeRF helps the diffusion



Training data PSNR 1

SSIM 1

LPIPS | FVD |

THuman 2K2K THuman 2K2K THuman 2K2K THuman 2K2K

3D scans only 26.82 28.76
3D scans+dynamic videos 26.77 28.82

0.953 0.040 0.040 189.5 187.9
0.954 0.041 0.039 194.8 191.3

Table 6. Quantitative ablation on merging view synthesis and pose animation into one model. Results reported for novel view synthesis

task on in-domain THuman and 2K2K testset.

Angle PSNRT SSIMT LPIPS| FVD]
Front 2846 0.952 004 1783
Back 2834 0.952 0.04 2115

Left side 29.18 0.956 0.039 199.9
Right side ~ 29.29 0.955 0.038 175.2
Mean 28.82 0.954 0.039 191.3
Std 0.487 0.002 0.001 17.42

Table 7. Quantitative results on 2K2K dataset for novel view
synthesis from different input view angles.

model preserve identity on nearby views, while the diffu-
sion model refines distant views, producing sharper results
with fewer artifacts.
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Figure 3. Quantitative and qualitative results before/after diff.

D.7 Video results

We provide additional video results, including in-the-wild
avatar synthesis, comparison with baselines, ablations and
additional results. Details explained below:

* In-the-wild avatar synthesis: We demonstrate novel view
synthesis, pose animation and interactive 4D video syn-
thesis on in-the-wild avatars.

» Comparison with baselines: We compare our results with
Animate Anyone [4] and Champ [11] on THuman [10]
for novel view synthesis and TikTok [6] for pose anima-
tion. The video results demonstrate our method outper-
forms the two baseline methods in terms of consistency
and quality.

* Ablations: We highlight the importance of the dense ap-
pearance cue and switcher through the ablation videos.

* Additional results: We show novel view synthesis results
on MVHumanNet [7]. We also show free-view animation
results, where the human subject and the camera are both
moving.

E Verification of design choices

We found that generative human novel view synthesis re-
mains relatively under-explored, primarily due to the chal-

lenge of synthesizing consistent appearances across mul-
tiple novel views, especially in unseen regions. We have
shown the importance of generalizable appearance cue and
geometry cue in the main paper. Here, we aim to addition-
ally validate the choice of leveraging video diffusion models
and training with smooth camera orbits.

E.1 Image v.s. video diffusion model

Image diffusion model is believed to be good at image-to-
image translation tasks. Specifically, given a single refer-
ence image and the target appearance cue, we can train a
image diffusion model to synthesize the target image. The
model architecture can be a variant of Animate Anyone [4]
and Champ [11], where we adopt two ReferenceNets to in-
ject the rich information from the reference image and ap-
pearance cue respectively. The results are shown in Figure
4. To enable multi-view consistent synthesis for a single
subject, we have tried adding an 1D temporal-axis attention
layers [2] and only fine-tune these new added layers. We
have also attempted to leverage human geometric prior to
construct 3D correspondence across different views [5].
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Figure 4. Image-to-image novel view synthesis on MVHuman-
Net dataset by using image diffusion model and appearance
cue.

Consistency comparisons. Compared to directly using a
pretrained video diffusion model, these image-based dif-
fusion methods exhibit significantly inferior performance.
Their results are shown in Figure 5.

Free-view interpolation. Due to GPU memory limitations,
we are restricted to training with approximately 20 novel
views per subject per batch. During inference, we also
test and compare the ability of both models to generate a
dense trajectory of novel views (e.g., 100 views). However,
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Figure 5. Novel view synthesis on THuman2.1 by a multi-view
image-based diffusion model. Inconsistent clothing wrinkles ap-

pear between two adjacent novel view generations.

neither approach achieves satisfactory results: image-based
diffusion models show significant inconsistencies, while
video diffusion models produce blurry frames.

E.2 Novel view camera trajectories

On our 3D scan dataset, we render a smooth camera tra-
jectory with the same elevation and evenly distributed az-
imuth. We also explore the possibility of leveraging the
fluctuant novel views in MVHumanNet dataset to learn the
multi-view consistency. However, we empirically find that
the diffusion models are not able to capture the consistency
even with the aid of appearance cues, causing the textures
to flow across views.
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Figure 6. Qualitative results of the generated novel views for various input views of the same human subject.



