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Figure 1. Diffuman4D enables high-fidelity free-viewpoint rendering of human performances from sparse-view videos. The bottom row

shows representative results.

Abstract

This paper addresses the challenge of high-fidelity view syn-
thesis of humans with sparse-view videos as input. Previous
methods solve the issue of insufficient observation by lever-
aging 4D diffusion models to generate videos at novel view-
points. However, the generated videos from these models
often lack spatio-temporal consistency, thus degrading view
synthesis quality. In this paper, we propose a novel sliding
iterative denoising process to enhance the spatio-temporal
consistency of the 4D diffusion model. Specifically, we de-
fine a latent grid in which each latent encodes the image,
camera pose, and human pose for a certain viewpoint and

1 Corresponding author: Xiaowei Zhou.

timestamp, then alternately denoise the latent grid along
spatial and temporal dimensions with a sliding window, and
finally decode the videos at target viewpoints from the cor-
responding denoised latents. Through the iterative sliding,
information flows sufficiently across the latent grid, allow-
ing the diffusion model to obtain a large receptive field and
thus enhance the 4D consistency of the output, while making
the GPU memory consumption affordable. The experiments
on the DNA-Rendering and ActorsHQ datasets demonstrate
that our method is able to synthesize high-quality and con-
sistent novel-view videos and significantly outperforms the
existing approaches. See our project page for interactive
demos and video results: https://diffumandd.github.io/.
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1. Introduction

This paper aims to address the problem of high-quality
4D view synthesis of humans in motion from sparse-view
videos, which has wide applications in augmented reality,
film production, sports broadcasting, etc. Traditional multi-
view stereo-based methods [15, 46, 47] and recent neural
rendering-based methods [59, 64, 68] generally require a
dense array of synchronized cameras to capture a sufficient
number of views for high-quality reconstruction, making
them difficult to apply to real-world scenarios. When in-
put views become sparse, these methods tend to fail as the
insufficient observations make the reconstruction problem
ill-posed.

An intuitive solution to this problem is to leverage con-
ditional image or video generative models to generate novel
views conditioned on the input views [57, 60, 61]. By lever-
aging the attention mechanism, these methods inject spatial
and temporal control signals into video generative models,
aiming to produce human images at target viewpoints and
timestamps. However, these methods often struggle with
the spatio-temporal consistency of generated images, espe-
cially when the human topology and cloth deformations are
complex. A key reason is that, due to GPU memory limi-
tations, these methods often have to generate the target im-
ages in multiple passes, and the inherent probabilistic nature
of generative models leads to variance among the outputs.

In this paper, we propose a novel spatio-temporal dif-
fusion model for generating 4D consistent multi-view hu-
man videos. Our key innovation lies in a novel sliding it-
erative denoising process that ensures the 4D consistency
of our model’s outputs. Specifically, given a sparse-view
video, we first encode image observations and camera pa-
rameters as conditioning latents, and define noise latents at
target viewpoints and timestamps, forming a 4D latent grid.
To denoise the latent grid, we use a window that alternately
slides forward and backward in the spatial and temporal di-
mensions. In contrast to the previous method [60] that ex-
ecutes the full denoising process at each sliding operation,
our model only performs a few denoising steps during slid-
ing. This iterative sliding strategy ensures sufficient infor-
mation propagation across the latent grid, enabling the dif-
fusion model to incorporate surrounding 4D signals to pro-
duce each target output, while dynamically adjusting their
influence based on spatio-temporal distance.

To further boost the consistency of our generative model,
we exploit the 3D human skeleton sequence as a struc-
tural prior to guide the generation process. Concretely, our
method first extracts a 3D human skeleton sequence from
the given sparse-view video using an off-the-shelf 3D pose
estimator. Then, we project the skeletons into the image
space at each viewpoint and each timestamp, serving as the
conditioning signal alongside camera parameters and image
observations to guide the spatio-temporal diffusion model.

Finally, we decode the videos at target viewpoints from
the corresponding denoised latents, and reconstruct high-
quality 4D Gaussian Splatting (4DGS) [59, 65, 68] based
on the input-view and the synthesized novel-view videos.

To enable model training, we meticulously process

the DNA-Rendering [10] dataset by recalibrating cam-
era parameters, optimizing image color correction matri-
ces (CCMs), predicting foreground masks, and estimat-
ing human skeletons. We compare our method against
state-of-the-art methods on DNA-Rendering and ActorsHQ
datasets, highlighting the performance of our framework
in capturing detailed human motion and appearance from
sparse-view inputs.

In summary, our contributions are as follows:

¢ We introduce Diffuman4D, a novel diffusion model
that generates spatio-temporally consistent and high-
resolution (1024p) human videos from sparse-view
video inputs.

* We propose a sliding iterative denoising mechanism
that enhances both spatial and temporal consistency of
generated long-term videos while maintaining efficient
inference.

e We design a human pose conditioning scheme to en-
hance appearance quality and motion accuracy of gen-
erated human videos.

* We plan to release our re-annotated labels of the DNA-
Rendering dataset, which we believe will benefit future
research in this area.

2. Related Work

4D reconstruction from dense views. Reconstructing dy-
namic 3D human performances from captured videos and
performing novel view synthesis to create immersive play-
backs has been a long-standing research problem in com-
puter vision and graphics. Traditional methods tend to
leverage complicated hardware, such as dense camera ar-
rays [11, 17, 23, 52, 53] or depth sensors [2, 5, 37, 49, 54],
to reconstruct high-fidelity human performances. Recent
advancements in neural scene representation, namely neu-
ral radiance field (NeRF) [36] and 3D Gaussian Splat-
ting (3DGS) [24], have demonstrated remarkable success
in static 3D scene reconstruction. [7, 12, 14, 28, 48, 55,
64, 65, 68] propose to lift this base 3D representation
(NeRF or 3DGS) to 4D by adding an additional temporal
dimension, enabling it to model temporal variations in dy-
namic scenes. However, these methods still heavily rely on
densely distributed and well-synchronized multi-view video
inputs and exhibit severe overfitting under sparse-view con-
ditions, which greatly limits their accessibility.

4D reconstruction from sparse views. To alleviate
the requirement of dense multi-view inputs, some meth-
ods [42, 58] leverage human priors such as SMPL [35] to
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guide the reconstruction process. [20, 41, 63] propose con-
structing a 3D static canonical space with a neural field and
learning a deformation field [13, 29, 39, 40, 44] based on
the SMPL human prior to map dynamic elements back to
this canonical space. While effective in certain scenarios,
these approaches face challenges in accurately estimating
shape deformations, particularly when dealing with com-
plex outfits or rapid motions. On the other hand, methods
like [8, 9, 30, 33, 76] explore the use of depth priors, such
as stereo [31] or multi-view [69, 70] depth estimation for
generalizable scene reconstruction and novel view synthe-
sis. However, these methods are highly dependent on the
accuracy of depth estimation, often struggling in cases in-
volving occlusions, textureless regions, or extremely sparse
viewpoints.

4D generation. Recent developments in 3D content gener-
ation [16, 18, 32, 34, 43, 50, 56] and video diffusion tech-
nologies [6, 19, 26, 67] provide a promising direction for
handling challenging scenarios mentioned above by intro-
ducing generative data priors to the reconstruction pipeline.
[3,4,45,51,71,73,75, 77] leverage the Score Distillation
Sampling (SDS) [43] to extract 4D representations from
image or video diffusion models. However, SDS limits
their scalability to large-scale 4D reconstruction tasks due
to its high computational cost and tends to produce over-
smoothed geometries and unrealistic textures. To overcome
these limitations, [27, 38, 61, 66, 72] propose to condition
the diffusion models to generate spatio-temporal consistent
multi-view videos, which can be further used for 4D recon-
struction. However, these methods only focus on object-
level generation. Recently, CAT4D [60] has made a step
forward by proposing a multi-view consistent video diffu-
sion model that can handle general scenes by leveraging
general time embedding and Pliicker embedding [22] for
temporal and spatial consistency. Despite the improvement,
CAT4D still struggles with complex human generation due
to the heavy shape distortion and self-occlusions caused by
the motion of soft structures like hair and clothes, and it is
difficult for diffusion models to solve these ill-posed prob-
lems by only relying on the general conditions. In this pa-
per, we propose to introduce additional human-specific pri-
ors to address these challenges.

3. Method

We reconstruct human performances from sparse-view
videos in two stages. First, we transform the input sparse-
view videos into dense multi-view videos using our spatio-
temporal diffusion model. Then, we reconstruct the hu-
man performance by optimizing a 4D Gaussian Splatting
(4DGS) from these generated multi-view videos. We first
describe our spatio-temporal diffusion model (Sec. 3.1) and
the denoising mechanism for generating spatio-temporal

consistent multi-view videos (Sec. 3.2). Then, we describe
the skeleton conditioning scheme (Sec. 3.3), and the method
we used to reconstruct human performances (Sec. 3.4).

3.1. Spatio-Temporal Diffusion Model

Pipeline. As illustrated in Fig. 2, our spatio-temporal diffu-
sion model takes M -view videos as input and aims to gen-
erate N-view target videos, where all videos consist of T’
frames. We first encode the input videos into a latent space
using a pretrained VAE and generate noise latents for the
target videos. These latents are structured into a sample
grid of size (N + M) x T, where the two axes represent
the spatial (multi-view) dimension and the temporal (video)
dimension. Each sample within the grid comprises an in-
put image latent (or a target noise latent) along with its
corresponding conditioning embeddings, which consist of
a skeleton latent and Pliicker coordinates (see Sec. 3.3 for
details). We then employ a sliding iterative approach to pro-
gressively denoise the sample grid (see Sec. 3.2 for details).
Next, we decode the target image latents into corresponding
videos. Finally, we reconstruct a high-quality 4D Gaussian
Splatting (4DGS) representation of the human performance
using both the input-view and target-view videos, enabling
real-time rendering.

Architecture. Our model follows the architecture of multi-
view latent diffusion models [16, 50]. Specifically, the
model employs 3D self-attention layers to enable informa-
tion exchange across images. The images are encoded into
latent representations through a pretrained VAE, allowing
the model to learn the joint distribution in the latent space.
We disable the text conditioning by setting the input prompt
to an empty string.

3.2. Sliding Iterative Denoising

To achieve high-quality 4D human reconstruction, the in-
put data must be sufficiently dense in both spatial (multi-
view) and temporal (video) dimensions. For instance, re-
constructing a 10-second 4D human typically requires tens
of thousands of input images. Due to GPU memory con-
straints, existing video diffusion models can only denoise a
limited number of images per inference, requiring the entire
image sequence to be split into hundreds of groups. Since
these denoising iterations operate independently, the gener-
ated images exhibit inconsistency due to variations in the
diffusion denoising process. The recent approach [60] in-
troduces a sliding-window strategy that separately complete
the denoising process within each sliding window and then
apply median filtering to the overlapping samples, thereby
reducing the variance of diffusion denoising. However, this
method still suffers from inconsistency when generating
long-sequence samples, and performing multiple denois-
ing iterations significantly increases the inference time. See
Fig. 5 for comparative results.
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Figure 2. Overview of Diffuman4D. Our model takes M input-view videos as input, generates IV target-view videos, and reconstructs a
4DGS of the human using both input and generated videos. Specifically, the input-view videos are encoded into the latent space using a
pretrained VAE. The 3D human-skeleton sequence is projected into each view, rendered as RGB maps, and encoded into the same latent
space. In addition, the camera parameters are encoded as Pliicker coordinates [74]. The skeleton latents and Pliicker coordinates are then
concatenated with the image latents at input views or the noise latents at target views, forming input samples or target samples, respectively.
The samples across all views and timestamps form a sample grid and are fed into our spatio-temporal diffusion model that denoises the
samples using a sliding iterative denoising mechanism (see Sec. 3.2). Then, the denoised image latents for the target views are decoded into
target-view videos using a pretrained VAE decoder. Finally, the 4DGS is reconstructed using an off-the-shelf approach [65] (see Sec. 3.4),

enabling real-time novel view rendering.

Sliding iterative denoising. To address the aforemen-
tioned challenges, we propose a sliding iterative denois-
ing mechanism that enhances consistency in long-sequence
generation by leveraging rich contextual information during
the denoising process. Specifically, given a target sample
sequence, we set a context window of length W that slides
over the sequence with a fixed stride S. In each iteration,
we concatenate the target samples with input samples and
feed them into the diffusion model for denoising P steps.

As illustrated in Fig. 3a, given a human-centric sample
sequence (e.g., camera views arranged circularly), we first
slide the context window counter-clockwise to enable in-
formation propagation along that direction. Subsequently,
we reverse the sliding direction to clockwise, allowing bidi-
rectional context aggregation. Formally, each sample is de-
noised D = 2 x P x W/S steps in total. We accordingly set
the diffusion inference steps to D, therefore the generation
is completed after the above process.

The same operation can be applied to the temporal sam-
ple sequence, enabling each sample to aggregate both past
and future contexts during denoising. It is worth noting that
multiple sample sequences can be denoised in parallel using
multiple GPUs. The sliding iterative denoising mechanism
allow the diffusion model to harmonize the consistency of
the target samples in both spatial and temporal dimensions,
enabling the generation of high-quality 4D image grids.

Alternating denoising. Following the previous work [60],
we adopt an alternating denoising strategy to further im-
prove the spatial and temporal consistency of generated im-
ages. Fig. 3b illustrates our denoising process. Given an
M-view, T-frame video, we first denoise target samples in
the spatial dimension for D /2 steps, conditioning on the M
input views at the corresponding time, and then perform de-
noising in the temporal dimension for the remaining D /2
steps, conditioning on the W frames within the correspond-
ing time range from the nearest-distance view. This ensures
the generation of spatio-temporally consistent samples.

By combining this strategy with sliding iterative denois-
ing, each sample perceives surrounding spatial information
from adjacent camera views and temporal information from
neighboring video frames through sliding context windows.
Furthermore, each target sample acts as a local center, and
samples closer to it undergo more joint denoising steps
within the context window. This mechanism aligns with the
nature of 4D data: closer samples exhibit stronger correla-
tions, which require more intensive consistency constraints.

3.3. Skeleton-Conditioned Diffusion

Previous 4D generation methods [57, 60] were designed for
general scenes by directly injecting spatial signals (camera
embeddings) and temporal signals (timestamp embeddings)
into diffusion models. However, these methods face signif-
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Figure 3. Illustration of our denoising framework. (a) Sliding iterative denoising mechanism. Given a view sequence arranged in
a circular manner, we initialize a context window of length W (here, W = 3). The window slides counterclockwise with a stride of .S
(here, S = 1), and in each iteration, the samples within the context window are fed into the model for P denoising steps. After completing
a full rotation, we reverse the direction of the window, allowing it to slide clockwise for another full cycle. Consequently, each sample
undergoes a total of D = 2PW/S denoising steps. (b) Spatio-temporal denoising process. Given an M-view, N-frame video (here,
M = 2, N = 5) and diffusion inference steps D, the model first performs denoising in the spatial dimension for D/2 steps, producing
spatially consistent samples (latents). It then performs denoising in the temporal dimension for the remaining D/2 steps, resulting in
spatio-temporally consistent samples. Sliding iterative denoising is employed in both spatial and temporal denoising processes. Each

column or row can be denoised in parallel.

icant challenges when generating spatio-temporally consis-
tent human images. First, while Pliicker coordinates pro-
vide pixel-wise camera pose signals, the generated images
often exhibit noticeable pose errors from the input cam-
eras. Second, human motion often involves substantial de-
formation (such as hair and loose clothing), leading to vari-
ous shape distortions and self-occlusions. Diffusion models
struggle to stabilize the generation process.

Skeleton conditioning. To address these challenges, we
introduce additional human-specific conditioning signals to
constrain the model’s generation space, leading to more ac-
curate and consistent human image synthesis. Considering
the vast diversity of human data (such as different clothing,
body shapes, and genders), we require an intermediate hu-
man representation that ensures precise conditioning signals
for the model. 3D human skeleton sequence emerges as an
ideal choice to meet these requirements, as it can be easily
recovered from sparse-view videos and provides a consis-
tent 4D human structure. These 3D skeletons can be pro-
jected into 2D space, capturing a snapshot from a specific
camera at a given timestamp, to enhance both temporal and
spatial conditioning signals for diffusion models.

Specifically, we first estimate 2D human skeletons using
Sapiens [25] and triangulate them to obtain a 3D skeleton
sequence. We then project these skeletons into each view
and render them as an RGB map, assigning different colors
to different body parts to enrich the conditioning informa-
tion. This RGB map is then encoded into the latent space
using a pretrained VAE, serving as a pixel-aligned feature
that significantly enhances generation quality for complex
human poses.

Skeleton-Pliicker mixed conditioning. However, skele-
ton predictions are often incomplete for individuals wearing
complex clothing, leading to a degradation in the complete-
ness of pose control signals. Additionally, since skeleton
representations do not contain explicit occlusion informa-
tion, they introduce inherent ambiguities of front-back sym-
metry. See Fig. 4 for an example. To mitigate these limita-
tions, we retain Pliicker coordinate conditioning to provide
explicit camera pose information, thereby improving the ro-
bustness of the generation process.

3.4. 4DGS Reconstruction

Based on the approach above, our model can generate
dense-view videos with spatio-temporal consistency. The
output videos can be fed into any existing 4D reconstruc-
tion pipeline to yield a 4D human representation. In our
experiments, we employ LongVolcap [62, 65] as our recon-
struction method, which is an enhanced version of 4DGS
that can effectively reconstruct a long volumetric video with
a temporally hierarchical Gaussian representation.

4. Experiments

4.1. Implementation Details

We train the model on either spatial sample sequences or
temporal sample sequences, each with a total length of
M + N = 16. For the spatial sample sequence, all samples
are captured simultaneously from different cameras, and the
model is trained to generate N = 12 target samples from
M = 4 conditional samples. For the temporal sample se-
quence, the model is trained to generate N = 8 consecutive
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samples from a target camera C'p, conditioned on M = 8
samples over the same time range from a reference camera
Cr, which is randomly selected during training. We train
the model on each of the above sequences with an equal
probability of 50%. Both spatial and temporal training se-
quences are randomly sampled from the entire spatial (tem-
poral) candidates. During training, we randomly drop all
conditions (including image latents, skeleton latents, and
Pliicker coordinates) with a probability of 10% to enable
classifier-free guidance. Please refer to the supplementary
materials for more details.

4.2. Datasets and Baselines

Datasets. We train our model on the DNA-Rendering [10]
dataset, which contains over 2,000 sequences of human
performances in diverse outfits and dynamic motions. For
training, we first filter out actors interacting with complex
objects and then select 1, 000 sequences, each with 48 views
and 225 frames per view, totaling 10 million images. We
use 16 sequences from the test set covering a variety of
clothing types and action categories for quantitative com-
parison. Additionally, we evaluate our model on the Actor-
sHQ [21] dataset, which consists of 12 sequences of human
performances, to assess zero-shot generalization.

Baselines. We compare our approach with multiple cat-
egories of state-of-the-art methods: the optimization-based
method LongVolcap [65], the SMPL-based method GauHu-
man [20], the feed-forward method GPS-Gaussian [76], and
the generation-based method CAT4D' [60]. 1 indicates our
reproduced version.

Since neither the DNA-Rendering nor ActorsHQ pro-
vides SMPL models for our test sequences, we use Easy-
Mocap [I] to extract SMPL models for test sequences,
which serve as the inputs for GauHuman [20]. For GPS-
Gaussian [76], we follow their view-selection strategy: se-
lect the two input views closest to the target view as input
to generate each view. We trained CAT4D' [60] on the pro-
cessed DNA-Rendering dataset under the same training set-
tings as our approach. CAT4D' [60] chooses conditional
views from sparse-view videos to denoise each row or col-
umn, using the same sampling sequences and conditional-
view selection strategy described in Sec. 3.2.

4.3. Comparison to Baselines

Comparison on the DNA-Rendering [10] dataset. We
provide quantitative and qualitative comparisons on the
DNA-Rendering [10] dataset in Tab. 1 and Fig. 6 respec-
tively. As shown in the visualization and metrics, our
method consistently outperforms baselines with higher vi-
sual quality and better spatio-temporal consistency. The
optimization-based method LongVolcap [65] struggles with
the ill-posed nature of sparse-view reconstruction, result-

Condition Types Pliicker Skeleton  Skeleton @ Pliicker

Ground Truth l

Absolute Error

Figure 4. Qualitative comparison of different conditioning.
The skeleton-Pliicker mixed conditioning serves as a robust hu-
man pose prior for diffusion models.

ing in noisy renderings. GauHuman [20] fails to reliably
reconstruct performers wearing complex clothing and ex-
ecuting dynamic motions. The depth estimator of GPS-
Gaussian [76] breaks down under our sparse-view settings,
yielding fragmented results on highly dynamic sequences.
In contrast, our method not only effectively handles the
challenging sparse-view setting by producing reasonable
guidance from the diffusion prior, but can also generalize
well to the complex motions and appearances of dynamic
human performers. Note that even with only 4 input views,
our method achieves visual quality comparable to the dense
reconstruction from 48 views using LongVolcap [65].

Comparison on the ActorsHQ [21] dataset. As shown in
Tab. 1 and Fig. 6, our model generalizes well to the unseen
actor appearances and motions of the ActorsHQ dataset. In
comparison, the baseline methods struggle to produce co-
herent geometry and appearance, consistent with their re-
sults on the DNA-Rendering dataset. Thanks to our unique
model design, even with limited observations on the Ac-
torsHQ dataset, Diffuman4D consistently produces much
sharper and also spatio-temporally consistent human per-
formance reconstruction results.

4.4. Ablation Study

We perform two ablation studies on the DNA-Rendering
dataset [10], using three challenging motion sequences to
evaluate the sliding iterative denoising mechanism and six
complex-clothing sequences to assess the skeleton—Pliicker
conditioning scheme.
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Table 1. Quantitative comparison on DNA-Rednering [10] and ActorsHQ [21]. Diffuman4D surpasses baseline approaches across
different settings and metrics. Note that CAT4D' is our reproduced version.

Dataset 4-View Video 8-View Video
Method Type PSNRT SSIM{ LPIPS| | PSNRt SSIM{ LPIPS|

DNA-Rendering [10]
LongVolcap (4DGS) [65]  Optimization 20.064 0.740 0.296 24.211 0.840 0.221

GauHuman [20] SMPL-Prior 18.406  0.723 0.327 18.818  0.737 0.316
GPS-Gaussian [76] Feed-Forward | 11.250  0.457 0.460 17.604  0.714 0.270
CAT4D' [60] Generation 21.445  0.806 0.234 22.531 0.824 0.221
Ours Generation 25.393  0.864 0.161 26.324  0.881 0.150

ActorsHQ [21]
LongVolcap (4DGS) [65]  Optimization 21.313 0.761 0.271 28.120  0.896 0.156

GauHuman [20] SMPL-Prior 20449  0.776 0.275 21.454  0.803 0.252
GPS-Gaussian [76] Feed-Forward | 10.562  0.453 0.481 14.208  0.601 0.379
CAT4D' [60] Generation 21.562  0.808 0.229 23.002  0.873 0.206
Ours Generation 27.875  0.903 0.121 28.747 0916 0.110

Multi-Group

Denoising
O O O O O O
Median Filtering
Denoising
O O O O O O
Sliding Iterative
Denoising
O O O O O O

Figure 5. Qualitative comparison of different denoising strategies. Our sliding iterative denoising method ensures a consistent appear-
ance throughout a long image sequence.

Table 2. Quantitative comparison of denoising strategies. Diffusion denoising strategy. We compare three diffusion
sampling strategies: the multi-group denoising approach

Sampling Method ~ PSNRT ~ SSIMT  LPIPS| that divides the data into multiple groups, the median filter-
Multi-group 20913  0.753 0.224 ing approach that takes the median values of the denoised
Median filtering 21.609  0.766 0.226 results of overlapping images between groups, and our slid-
Sliding iterative 22.363  0.778 0.196 ing iterative diffusion denoising strategy. As shown in Fig. 5

and Tab. 2, the multi-group denoising approach does not
take the temporal and spatial correlation between groups
into consideration, leading to sudden jumps in the generated
Conditon ~ PSNRT SSIM{ LPIPS, results between different segments. The median filtering
approach slightly mitigates the intra-group inconsistency of
the multi-group approach by taking the median values of
the denoised results between different windows. However,
the computational cost of this approach is inversely propor-
tional to the overlap ratio, and could still produce incon-

Table 3. Quantitative comparison of conditioning schemes.

w/o skeleton | 16.864 0.608 0.272
w/o Pliicker 20.753 0.638 0.203
Ours 22.120 0.707 0.184
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Figure 6. Qualitative comparison on DNA-Rendering [10] and ActorsHQ [21]. GPS-Gaussian uses 8 input views while all other
methods use 4 input views. CAT4D" is our reproduced version. Our Diffuman4D consistently outperforms baselines with higher visual

quality and better spatio-temporal consistency.

sistency if the window doesn’t overlap enough. In con-
trast, our sliding iterative denoising strategy introduces a
smoothness-inductive bias during the denoising process of
the diffusion model, at the same time maintaining constant
computational cost by merging the sliding operation with
the denoising steps. This process produces more consistent
and globally accurate results compared to the two solutions.

Conditioning scheme. As shown in Fig. 4 and Tab. 3,
we compare three conditioning schemes: w/o skeleton, w/o
Pliicker, and our skeleton-Pliicker. The w/o-skeleton condi-
tioning has limited camera control over the generated con-
tent, producing large misalignment due to the ill-posed na-
ture of the generative problem. The w/o-Pliicker condition-
ing can provide fine-grain control over the generated hu-
man, but it may struggle to disambiguate between the front
and back, left and right of the generation target, produc-
ing inconsistent guidance for the reconstruction module. In
comparison, our conditioning scheme combines the merits
of the camera and pose control signal of the Pliicker and
skeleton embedding, generating consistent and controllable
novel view results of the target human actor.

5. Conclusion

This paper introduces Diffuman4D, a novel diffusion model
capable of generating high-resolution (1024p) and 4D-

consistent human images from sparse-view inputs. We
propose a novel sliding iterative denoising strategy to en-
hance spatial and temporal consistency while maintaining
high computational efficiency. To further improve mo-
tion accuracy and visual quality, we introduce a 4D pose
conditioning mechanism that leverages human skeletons.
Our method demonstrates superior performance in captur-
ing fine details and complex human motions from sparse
inputs compared to existing state-of-the-art approaches.

Despite promising results, our method still faces cer-
tain limitations. First, higher-resolution (4K) videos are
not supported due to constraints in base models. Second,
our method may struggle with scenarios involving complex
human-object interactions. Finally, our current method can-
not achieve novel-pose rendering because it requires input
videos to constrain the spatial consistency of the generated
videos. Addressing these challenges represents interesting
directions for future research.
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