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Abstract

Existing works in single-image human reconstruction suffer
from weak generalizability due to insufficient training data or
3D inconsistencies for a lack of comprehensive multi-view
knowledge. In this paper, we introduce MagicMan, a human-
specific multi-view diffusion model to generate high-quality
novel views from a single reference image. As its core, we
leverage a pre-trained 2D diffusion model as the generative
prior for generalizability, with the parametric SMPL-X model
as the 3D body prior to promote 3D awareness. To main-
tain consistency while generating denser views for improved
3D human reconstruction, we introduce hybrid multi-view at-
tention to facilitate efficient and thorough information inter-
change across views. Besides, we present a geometry-aware
dual branch to perform concurrent generation in both RGB
and normal domains, further enhancing consistency via ge-
ometry cues. Last but not least, to address ill-shaped issues
arising from inaccurate SMPL-X estimation, we propose a
novel iterative refinement strategy, which progressively op-
timizes SMPL-X accuracy while enhancing the quality and
consistency of the generated multi-views. Extensive experi-
mental results demonstrate that our method significantly out-
performs existing approaches in both novel view synthesis
and subsequent 3D human reconstruction tasks. Code and de-
mos are available at https://thuhcsi.github.io/MagicMan.

Code — https://thuhcsi.github.io/MagicMan
Extended version — https://arxiv.org/abs/2408.14211

1 Introduction

3D digital human creation is an important technique in com-
puter vision and graphics. Traditional methods (Balan et al.
2007; Vlasic et al. 2009) usually utilize a dense camera array
to capture synchronized posed multi-view images for human
reconstruction. However, these methods typically require a
tedious and time-consuming process which is not practi-
cal for general users. Therefore, creating 3D human models
from a single image is a significant task to be investigated.
To this end, early works like PIFu (2019), PaMIR (2021),
and ICON (2022) have been introduced to train feed-forward
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Figure 1: Given a reference human image in different poses,
outfits, or styles (i.e. real and fictional characters) as input,
MagicMan is able to generate consistent high-quality novel
view images and normal maps, which are well-suited for
downstream multi-view reconstruction applications.

networks on scanned 3D human datasets, capable of re-
constructing 3D humans from a single image. Neverthe-
less, these data are scarce with limited diversity, resulting in
poor generalizability to varied poses and outfits. Besides, the
weak generative capability from insufficient data also leads
to overly-smoothed geometry and blurred textures.

Thanks to the abundant priors in text-to-image diffu-
sion models trained on large-scale data, another category
of works (Zhang et al. 2024; Gao et al. 2024) leverage
pre-trained diffusion models to optimize 3D representations
through a Score Distillation Sampling (SDS) loss to create
human models from a single image. Although these methods
yield impressive results in generalization and detailed tex-
tures, the absence of 3D awareness frequently leads to 3D
inconsistencies like multi-face Janus problem (2022). More-
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Figure 2: Ill-shaped geometry from inaccurate SMPL-X can

be alleviated through our proposed iterative refinement.
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over, text descriptions or CLIP embeddings, which are typ-
ically used to guide SDS, contain only global semantic in-
formation and thereby hinder the generation of fine-grained
textures consistent with the reference (Huang et al. 2024).

In the field of 3D object generation, as exemplified by
Zero123 (2023a), efforts have been made to use image diffu-
sion models trained on multi-view data to directly generate
novel views from a single image, which are subsequently
used to reconstruct 3D models, achieving promising results.

Following this paradigm, we present a multi-view diffu-
sion model to directly generate human novel views, encom-
passing both generalizability and 3D knowledge. Three chal-
lenges emerge: The primary is to ensure multi-view con-
sistency as emphasized in 3D-object-related works. Both
intricate geometry and detailed textures of humans pose
greater difficulties. Secondly, existing works enhance multi-
view consistency either by extending 2D self-attention in
image diffusion models to 3D attention across all views (Shi
et al. 2023), or by integrating 3D representations (Liu et al.
2023b). Both approaches are memory-consuming and only
generate sparse views, insufficient for reliable 3D human re-
construction where self-occlusion typically occurs. Finally,
most research (Zheng et al. 2021; Liu et al. 2024; Huang
et al. 2024) demonstrates the importance of using parametric
models, e.g., SMPL (-X) (2015; 2019), as 3D body priors in
human-related tasks, which is also found to be beneficial for
consistency and robustness in our work. However, SMPL-X
estimated from monocular images often display inaccurate
poses, featuring depth ambiguities and misalignment with
the reference, which will lead to ill-shaped geometry in re-
constructed human models, manifesting as abnormal overall
poses or distorted body parts as illustrated in Fig. 2.

In this paper, we take the above challenges into account
and propose MagicMan to produce dense, consistent, and
pose-accurate multi-view human images from a single ref-
erence image. We utilize the powerful Stable Diffusion
(SD) (Rombach et al. 2022) equipped with SMPL-X guid-
ance as the backbone. To obtain consistent yet dense novel
views, we introduce a hybrid multi-view attention mech-
anism to establish connections between different views.
Specifically, we combine efficient 1D attention across all
views and 3D attention spanning pixels of a sparse subset
of selected views to enhance information interchange with
minimal memory overhead, enabling us to generate signifi-
cantly denser (i.e., 20 views at 512 resolution) novel views
while maintaining consistency. Next, to deal with detailed
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geometry, we propose a geometry-aware dual branch with
shared blocks to simultaneously generate aligned novel view
RGB images and normal maps. The normal map predic-
tion supplements structure information, further improving
the consistency of geometric details in the RGB domain.
Last but not least, to address the ill-shaped issues arising
from inaccurate SMPL-X estimates, we propose an iterative
refinement approach, wherein intermediate generated multi-
views are employed to refine the SMPL-X parameters for
more accurate poses, which in turn guide the multi-view
generation process with more consistent and robust results.
To summarize, our main contributions are as follows:

* We present MagicMan, a method designed to generate
high-quality multi-view images for humans from a single
reference image, thereby facilitating seamless 3D human
reconstruction.

* We propose an efficient hybrid multi-view attention to
generate denser multi-view human images while main-
taining better 3D consistency.

* A geometry-aware dual branch is introduced to perform
generation in both RGB and normal domains, further en-
hancing multi-view consistency via geometry cues.

* An iterative refinement strategy is proposed to progres-
sively enhance both the SMPL-X pose accuracy and the
generated multi-view consistency, reducing ill-shaped is-
sues arising from unreliable SMPL-X estimation.

2 Related Work

Our work focuses on the generative novel view synthesis us-
ing diffusion models, which is related to diffusion models,
generative view synthesis, and human image synthesis.

Diffusion Models. Diffusion models (2015; 2020) have
demonstrated promising results in recent image synthe-
sis works (Shen et al. 2024). Ho and Salimans performs
classifier-free guidance by combining the score estimates
from conditional and unconditional generation. Based on
diffusion models and large-scale data, various image syn-
thesis tasks have achieved impressive results such as text-
to-image synthesis (Saharia et al. 2022; Ramesh et al. 2022;
Rombach et al. 2022; Xian et al. 2024). This paper explores
the use of diffusion models for human novel view synthesis.
Generative Novel View Synthesis. Generative novel view
synthesis requires synthesizing views far beyond the input.
Compared with traditional regression-based methods (Yu
et al. 2021a), it only has sparse or a single view as in-
put to hallucinate unseen parts. With the development of
generative models, this task has been studied by utilizing
generative adversarial networks (Li et al. 2022) and trans-
former (Kulhdnek et al. 2022). Recently, diffusion models
have also been applied to this task. Zero-1-to-3 (2023a) pro-
poses a viewpoint-conditioned diffusion model trained on a
large-scale dataset that shows strong zero-shot generalizabil-
ity. To incorporate 3D awareness into 2D diffusion models,
GeNVS (2023) and SyncDreamer (2023b) use a 3D feature
as condition. Tseng et al. uses an epipolar attention for con-
sistent view synthesis. Wonder3D (2024) extends diffusion
models with cross-domain attention and SV3D (2024) uti-
lizes a video diffusion model to improve consistency. In this
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Figure 3: Given a single human image, our proposed MagicMan utilizes a pre-trained 2D diffusion model with a 3D human prior
to generate novel view images for humans. First, the reference image is fed into the denoising UNet via a reference UNet, with
the viewpoint condition incorporated through camera embeddings. The rendered normal and segmentation maps of the posed
SMPL-X mesh that corresponds to the reference image are also provided as geometry guidance to facilitate 3D awareness and
consistency. To obtain dense and consistent novel view images, we modify the attention module to a more efficient hybrid
1D-3D attention (a) to establish comprehensive connections between multi-views, and propose a geometry-aware dual branch
(b) to also generate normal images complementary to RGB images via geometry cues. Last but not least, a novel iterative
refinement strategy (c) is proposed in the inference stage to gradually update the initially estimated inaccurate SMPL-X pose
and the synthesized novel view images, substantially reducing the ill-shaped issues arising from unreliable SMPL-X estimates.

work, we use diffusion models equipped with a parametric
body model as prior to synthesize consistent human views.
Human Image Synthesis. Human image synthesis aims to
synthesize novel views or poses given a source image as ref-
erence. This problem is explored by using generative adver-
sarial networks (Ma et al. 2017) or optical-flow-based warp-
ing (He et al. 2024) to synthesize novel pose results. Liquid
Warping GAN (2019) also demonstrates the human novel
view results. Recently, diffusion models excel at modeling
complex data distribution and also show promise in human
image synthesis. Bhunia et al. introduces the first diffusion-
based approach for pose-guided person synthesis. In addi-
tion, DreamPose (2023), Animate Anyone (2024), Magi-
cAnimate (2024), and Champ (2024) generates animated
videos from a source image using pre-trained SD. These
methods could synthesize human images in novel views by
giving the corresponding poses. However, without consider-
ing the 3D information between different views, it is hard to
ensure view consistency. To address this problem, we utilize
SMPL-X model to guide the synthesis process and explore
more appropriate attention for multi-view consistency.

3 Method

Our proposed MagicMan, as illustrated in Fig. 3, takes
a single human image as input and generates dense con-
sistent multi-view images. To utilize human priors from
abundant in-the-wild images, MagicMan adopts a pre-
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trained diffusion model (2022) as the backbone, and accepts
one reference image along with SMPL-X pose and view-
point as generation conditions (Sec. 3.1). We integrate an
efficient hybrid-attention mechanism connecting different
views, which contains 1D attention across all views and 3D
attention across spatial locations and sparse selected views
(Sec. 3.2). To achieve better geometric consistency, we pro-
pose a geometry-aware dual branch complementary to novel
view image synthesis (Sec.3.3). Last but not least, we pro-
pose a novel iterative refinement strategy by updating both
the accuracy of SMPL-X poses and the quality of generated
multi-views across iterations, reducing the ill-shaped issues
resulting from inaccurate pose estimation (Sec. 3.4). Further
details on methodology are in our extended version.

3.1 Conditional Diffusion Model

Our backbone is a denoising UNet (2015) that inherits the
structure and pre-trained weights from SD1.5 (2022). The
vanilla SD UNet consists of downsampling, middle, and up-
sampling blocks, taking noise latents as input. Each block
contains interleaved convolution layers, self-attention lay-
ers that perform feature aggregation spatially, and cross-
attention layers that interact with CLIP embeddings. In our
work, we incorporate the reference image and viewpoints
into the network, and provide SMPL-X meshes as geometry
guidance to promote 3D awareness and consistency.

Reference UNet. Inspired by recent advances in character
animation (Hu 2024), we utilize a copy of the denoising



UNet, referred to as the reference UNet, to extract features
from the reference image, which encompass both semantic
and low-level reference information, and perform better than
CLIP embeddings (Gu et al. 2024). Therefore, we replace
the original CLIP cross attention with reference attention to
interact with the features extracted by the reference UNet.
Let x € REXNXHXWXC apd ¢ ¢ REXHXWXC denote
the corresponding feature maps from denosing UNet and
reference UNet respectively, with batch size B, view count
N, spatial size H x W, and number of channels C'. Since
the reference image is shared for all views, feature maps y
from the reference net are replicated NV times. And then both
x and y are reshaped to R(IBN)X(HW)XC for the following
attention calculation. Mathematically,
Q™ = Wi (z@y) VI =W (z@y),

Wi, K = M

where & denotes concatenation along the H W dimension.
Pose guidance and viewpoint control. A parametric
SMPL-X mesh is estimated for the reference image and ren-
dered according to the generated viewpoints to serve as pose
and viewpoint conditions. We render normal and segmen-
tation maps, which are encoded with a lightweight 4-layer
convolution template encoder as proposed by Hu and added
to the latent noise, to provide complementary geometric and
semantic information (Zhu et al. 2024). In addition, view
control is explicitly incorporated into the network through
camera embeddings via an MLP and added to the denoising
time embeddings.

3.2 Hybrid Multi-View Attention

To generate as many views as possible to capture compre-
hensive 3D information while maintaining multi-view con-
sistency, the key problem lies in how to ensure thorough
information exchange across a wide range of views in a
memory-efficient manner. Therefore, we propose a novel hy-
brid attention mechanism that combines the strengths of two
types of multi-view attention, i.e. efficiency of 1D attention
and thoroughness of 3D attention in multi-view interaction.
1D multi-view attention. First, we insert an additional 1D
attention layer behind the reference attention to establish
connections between different views in a highly memory-
efficient manner. It is calculated along view dimension only
between identical pixel locations, allowing coherent genera-
tion of up to 20 views in a single forward pass. Specifically,
the feature map is reshaped to R(BHW)XNXC (5 calculate
self-attention along N, and we employ relative positional
encoding (2022) instead of the commonly used sinusoidal
encoding to account for relative viewpoint differences.

3D multi-view attention. Relying solely on 1D attention
leads to content drift issues (2023) between views after large
viewpoint changes (Fig. 6) since 1D attention lacks inter-
action between pixels at different locations and cannot find
the corresponding pixel from other views. Therefore, we
further integrate 3D multi-view attention, facilitating more
thorough information sharing across both spatial and view
dimensions. Owing to the initial interactions established by
1D attention, 3D attention can be confined to a sparse subset
of views without incurring excessive memory overhead.
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Algorithm 1: Iterative Refinement

Input: Reference image Z™, target viewpoints Vi, y
Parameter: Iterations K,
linearly increasing CFG scale {wk}k{(:l
Output: Novel view RGB images and normal maps fl_; N
1 Initialize SMPL-X params (6, 3,¢) < Estimate (Z™')
2 fork=1,..., K —1do
// Forward pass: Generate novel views
with SMPL-X guidance and CFG scale wg

3 Tin =G (T, M (0, B,) , Vi wy)

// Backward pass: Refine SMPL-X
supervised by generated novel views

4 Optimize (0, 8) with Z;.x by minimizing Eq. 3

// Generation with final refined SMPL-X
s return Zi.y = G (277, M (6, B, %) , V1.n; Wi )

To be specific, we extend the origin self-attention of de-
noising UNet to 3D attention. For a reshaped feature map
x; € REXMHW)XC of each view, 3D attention is efficiently
conducted with a small number of feature maps x;,.;,, €
RBX(MHW)XC in M views selected from the other views,
calculated between all pixels across x; and x,.;,, with:

Q=Wquzi, K =Wk ("”L Gawjl?jM) ,V =Wy (951 @9311:1'1\/1) - @

Complete connections between different views are estab-
lished by our hybrid 1D-3D attention without overwhelm-
ing computational cost, enabling the generation of dense
and consistent multi-views. In practice, the sparse subset of
views selected for 3D attention varies across different UNet
blocks, making full use of different levels of information.

3.3 Geometry-Aware Dual Branch

Since geometry details are difficult to capture in the RGB
domain, we introduce the dual branch to perform geometry-
aware denoising, which generates the spatially aligned nor-
mal maps along with RGB images. To be specific, we repli-
cate one of the UNet’s input and output blocks to create two
expert branches for RGB and normal images, both inheriting
SD1.5 pre-trained weights, while the remaining blocks serve
as shared components, as illustrated in Fig. 3(b). For the out-
put of the normal branch, we use normal maps rendered from
the ground truth (GT) human scans as training supervision.
For the input to the reference normal branch, considering
the unavailability of the GT during inference, we employ
an off-the-shelf monocular normal estimator Marigold (Ke
et al. 2024) to estimate the reference normal map from the
input RGB image, unifying the training and inference set-
ting. With these designs, the shared blocks facilitate feature
fusion across domains. The normal branch enriches RGB
by incorporating geometry awareness, improving structural
stability and geometric consistency. Simultaneously, RGB
enhances the accuracy and details of normal maps, signifi-
cantly aiding subsequent 3D reconstruction.
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Figure 4: Qualitative results of human novel view synthesis. MagicMan generates the highest-quality dense novel view images
with better consistency. Methods finetuned on THuman2.1 dataset are marked with *. Please zoom in for details.

3.4 Iterative Refinement

SMPL-X is a template human mesh M (6, 3,v) parame-
terized by pose parameters 6, shape parameters 3, and ex-
pression parameters 1. The accuracy of the SMPL-X pose
matters a lot since we employ its rendered normal and seg-
mentation maps as geometry guidance to improve 3D con-
sistency. However, monocular estimation could give inaccu-
rate SMPL-X poses that conflict with the reference images,
leading to the generation of distorted novel views and thus
ill-shaped 3D reconstruction as illustrated in Fig. 7(b). On
the other hand, generating novel view images without flawed
SMPL-X guidance usually keeps its pose well matching the
reference image, but inferior in terms of 3D consistency as
shown in Fig. 7(a). Therefore, we propose that multi-view
human images generated without flawed SMPL-X guidance
can be used to optimize the accuracy of SMPL-X poses,
while the refined SMPL-X meshes can then guide the gener-
ation of human muti-views with improved 3D consistency.
Therefore, we randomly drop SMPL-X guidance with a
certain ratio during training, enabling guidance-free genera-
tion in line with classifier-free guidance (CFG) (2022). Dur-
ing inference, we introduce an iterative refinement process,
as detailed in Algorithm 1. We set the initial CFG scale to
0, disabling SMPL-X guidance to preserve more accurate
poses in the generated novel views matching the reference
image. These images are then used to update the SMPL-X
parameters. In subsequent iterations, we gradually increase
the CFG scale to enhance the pose guidance of the refined
SMPL-X estimation to further enhance 3D consistency.
Specifically, the iterative refinement process starts with
estimating the initial SMPL-X parameters using PyMAF-
X (2023). In each iteration, we use the current SMPL-X
mesh as guidance, applying the corresponding CFG scale
to generate human images. It’s important to note that in the
early iterations, the scale is kept small, resulting in weaker
guidance that allows the generated images to better match
the reference poses. Next, we use a differentiable renderer
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to produce SMPL-X mesh’s normal maps N MPLX and sil-

houettes STMP-X, as well as project 3D joints into 2D key-
points JM! swiplx according to the camera poses. SMPL-X
parameters are then optimized under the supervision of all
the generated novel view images with the generated normal
maps ./\A/'lz N, silhouettes 31: ~, and detected 2D joint key-
points jlz n from the generated novel views. The SMPL-X
optimization is performed by minimizing the following loss:

Liefine = Anormal Lnormal + Asithouette Lsithouette + joint Lijoint s

-SMPL-X '/ SMPL-X N
Lyormal = |N1 - N1N| Lsithouette = SI:N - SN )

3)

SMPL-X Z
Liow = [T = Fiw |-

After the optimization, SMPL-X parameters are refined to
be more accurate and aligned with the reference, and will
be fed back into the generation process with an increased
CFG scale in the next iteration. In summary, during each
iterative process, SMPL-X undergoes refinement supervised
by all generated multi-views, and the multi-view generation
is enhanced with the improved SMPL-X as guidance.

4 Experiments

Training data. We train MagicMan on 2347 human scans
from THuman?2.1 dataset (2021b). RGB and normal images
are rendered using a weak perspective camera on 20 fixed
viewpoints looking at the scan with evenly distributed az-
imuths from 0° to 360°, at 512x512 resolution.

Evaluation data. We test on 95 scans from THuman2.1
dataset and 30 scans from CustomHumans dataset (2023)
and also evaluate on in-the-wild images, comprising 100
from SHHQ dataset (Fu et al. 2022) and 120 from the In-
ternet featuring varied poses, outfits, and styles.

Maetrics. Evaluation is conducted on two tasks: 1) Novel
view synthesis. We use PSNR, SSIM, LPIPS, and CLIP
scores to compare generated views w.r.t. the ground-truth
images of corresponding views. For in-the-wild data, we
calculate LPIPS of the generated reference view and CLIP



THuman2.1 CustomHumans in-the-wild
Method PSNR 1  SSIM 1 LPIPS | CLIP 1 PSNR 1  SSIM 1 LPIPS | CLIPT |LPIPS] CLIP?
Generative Novel View Synthesis Methods
Zerol23 15.5/12.3 0.829/0.798 0.215/0.247 0.792/0.773 [13.9/10.3 0.811/0.766 0.211/0.250 0.818/0.800| 0.082  0.722
SyncDreamer 132/ - 0.841/ - 0.209/ - 0.749/ — 11.5/ - 0.824/ - 0211/ - 0.767/ - 0.175  0.630
SV3D 19.8/16.5 0.896/0.868 0.115/0.140 0.888/0.877 |18.3/14.3 0.892/0.857 0.111/0.141 0.912/0.899| 0.030  0.818
Wonder3D* 21.2/ — 0.906/ - 0.110/ - 0.882/ - 18.3/ — 0.889/ — 0.122/ - 0.863/ - 0.064 0.757
Character Animation Methods
Animate Anyone* [23.6/22.1 0.923/0.910 0.070/0.078 0.920/0.917 |22.0/20.4 0.919/0.905 0.060/0.068 0.931/0.929| 0.061  0.850
Champ* 24.9/23.3 0.930/0.918 0.063/0.071 0.927/0.924 |23.2/21.4 0.931/0.918 0.055/0.063 0.938/0.934| 0.053  0.852
Ours \26.0/24.9 0.946/0.929 0.049/0.054 0.947/0.938 \24.7/22.9 0.950/0.937 0.044/0.052 0.947/0.947\ 0.040 0.871

Table 1: Quantitative evaluation for novel view synthesis on “4 views / 20 views”. Methods finetuned on THuman?2.1 dataset
are marked with *. Bold and underline indicate the best and the second, respectively.

4

PAMIR
3

‘ (ad /# a B¢
o %"
ICON $ ECO!\I PIFu

RN

DreamGaussian TeCH Ours

¢
‘a\

Figure 5: Reconstructed 3D human meshes. MagicMan pro-
duces the best geometry and textures in the case with chal-
lenging poses and loose outfits. Please zoom in for details.

scores of generated novel views w.r.t. the input image. 2)
3D human reconstruction. Following Xiu et al., we calculate
Chamfer and P2S distance, and L2 normal errors (NE).

4.1 Novel View Synthesis

To evaluate novel view synthesis results, we compare Mag-
icMan with generative object novel view synthesis meth-
ods, i.e. Zerol23 (2023a), SyncDreamer (2023b), Won-
der3D (2024), and SV3D (2024), and character animation
methods with body priors, i.e. Animate Anyone (2024) and
Champ (2024). We selected the best-performing Wonder3D
as a representative of general novel view synthesis methods
and fine-tuned it on THuman2.1. Additional comparison re-
sults finetuned on THuman?2.1 can be found in our extended
version. Examples of human novel view images and normal
maps generated by MagicMan are shown in Fig.1, demon-
strating that MagicMan can generate high-quality and 3D
consistent human novel views across diverse poses, outfits,
and styles. Fig. 4 presents qualitative comparisons between
MagicMan and baseline methods. Zero123, SyncDreamer,
and SV3D typically generate distorted human images. Won-
der3D produces only six views at half of our resolution,
leading to texture detail loss. Lack of a body prior also re-
sults in geometric errors. Animation methods yield unre-
alistic body structures for a lack of geometric awareness,
sometimes encountering ambiguities between front and back
views as shown in Fig. 4(c). Besides, they exhibit noticeable
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THuman2.1 CustomHumans
Method Chamfer | P2S| NE| Chamfer| P2S| NE|
PIFu 5.62 5.11 0.150 6.43 5.76 0.159
PAMIR 4.30 4.27 0.132 5.00 4.89 0.135
ICON 5.05 5.02 0.139 5.46 5.48 0.134
ECON 5.45 5.26 0.148 5.72 5.61 0.138
Ours 2.35 2.44 0.093 2.34 2.43  0.095

Table 2: Quantitative evaluation for 3D human reconstruc-
tion. Bold and underline indicate the best and the second.

inconsistency between views with a large viewpoint change
as illustrated in Fig. 4(e) and 4(f). In contrast, our method
achieves stable structures, consistent geometry, and detailed
textures while generating dense novel views for humans.
Quantitative comparisons are reported in Tab 1, show-
ing that MagicMan outperforms baseline approaches in both
pixel-level and semantic metrics, except for slightly higher
LPIPS on in-the-wild data for reference view reconstruction,
likely due to SV3D’s better frontal details at a higher resolu-
tion. However, CLIP scores of novel views indicate that our
method significantly excels in novel view synthesis.

4.2 3D Human Reconstruction

Fig. 5 displays our reconstructed human mesh, com-
pared with those produced by baseline methods includ-
ing feed-forward approaches PIFu (2019), PaMIR (2021),
ICON (2022), ECON (2023), and SDS-based DreamGaus-
sian (2023), TeCH (2024). Both feed-forward and SDS-
based methods fail to produce reasonable geometry and de-
tailed consistent textures for the challenging pose and outfit,
while our 3D-aware diffusion model with refined body prior
generates dense and consistent multi-views, which support
reliable reconstruction with enhanced geometry and tex-
tures. Quantitative comparisons with PIFu, PAMIR, ICON,
and ECON are presented in Tab. 2, illustrating that Magic-
Man outperforms previous approaches on all metrics by a
significant margin. Note that we include our iterative refine-
ment process and the SMPL-X optimization operations of



THuman2.1 in-the-wild
Method PSNR 1 SSIM 1 LPIPS | CLIP 1 LPIPS | CLIP 1
Baseline 22.84 0915 0.070 0923 0.037 0.843
+ 1D attn. 23.94 0924 0.063 0935 0.041 0.853
+3Dattn. 23.77 0923 0.063 0.936 0.042 0.854
w/onorm. 23.73 0921 0.064 0.925 0.042 0.833
Ours 2485 0.929 0.054 0938 0.040 0.871

Table 3: Quantitative ablations on hybrid attention and dual
branch. Bold and underline indicate the best and the second.
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Figure 6: Ablations on hybrid attention and dual branch. Our
full model presents the best multi-view consistency.

ICON, ECON, and PAMIR are retained for fair comparison.

4.3 Ablations and Discussions

Hybrid attention. With hybrid attention, MagicMan can
generate up to 20 consistent multi-views in training, with an
inference time of ~40s on 1 A100 GPU, while traditional 3D
attention across all views yields only 6 views under the same
memory constraint and takes ~60s for inference. Fig. 6 il-
lustrates the effectiveness of different components of hybrid
attention: (a) The baseline model without multi-view atten-
tion generates inconsistent views. (b) 3D attention across se-
lected views still produces flickering cloth patterns. (c) 1D
attention alone presents content drift, e.g., hair length that
gradually changes with increasing viewpoint changes, indi-
cating that information exchange via 1D attention alone im-
proves similarity but is insufficient for comprehensive con-
sistency. (d) Our full model with hybrid attention demon-
strates the best consistency when generating dense multi-
views, also confirmed by the quantitative results in Tab. 3.
Geometry-aware dual branch. In Fig. 6(e) and row 4 of
Tab. 3, removing the normal branch leads to a degradation in
multi-view consistency, especially in complex geometric de-
formations, e.g., fabric layers and folds. Our full model with
normal prediction enhances geometry awareness, yielding
improved structures and consistency.

Iterative refinement. We conduct an ablation study to val-
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Figure 7: Qualitative (left) and quantitative (right) results of
ablation studies on the iterative refinement.

idate the effectiveness of the iterative refinement. As shown
in Fig. 7(a), generation without SMPL-X guidance produces
seemingly satisfactory novel views with accurate poses,
which, however, exhibits severe artifacts in reconstruction
due to inconsistent poses between views without 3D prior.
Directly utilizing the estimated inaccurate SMPL-X mesh as
pose guidance in Fig. 7(b) leads to distorted novel view im-
ages and the ill-shaped reconstructed mesh (e.g., the miss-
ing and disjointed hand and foot) due to conflicts between
incorrect SMPL-X and reference image. Impressive results
can be achieved with the accurate ground-truth SMPL-X
as presented in Fig. 7(c), which, however, is unavailable in
practice. Our iterative refinement process progressively im-
proves the novel view results for reconstruction with increas-
ingly accurate SMPL-X guidance through successive itera-
tions, as demonstrated by the green bubbles in Fig. 7(e). The
finally refined multi-view images, encompassing both accu-
rate poses and 3D consistency, yield comparable results to
those produced with the ground-truth SMPL-X. The refined
SMPL-X mesh with more accurate poses and reduced depth
ambiguities, as a byproduct of our refinement process, sug-
gests that the abundant priors in pre-trained image diffusion
models can potentially aid in human body estimation.

5 Conclusion

In this paper, we introduce MagicMan, a method for gener-
ating human novel views from a single reference image by
leveraging an image diffusion model as the 2D generative
prior and the SMPL-X model as the 3D body prior. Building
on this, our proposed efficient hybrid multi-view attention
ensures the generation of denser multi-view images while
maintaining high 3D consistency, which is further enhanced
by the geometry-aware dual branch via geometry cues.
Moreover, our novel iterative refinement process optimizes
the initially estimated SMPL-X poses over successive itera-
tions, guiding novel view generation with improved consis-
tency and alleviating ill-shaped issues caused by inaccurate
SMPL-X estimates. Extensive experimental results demon-
strate that our method can generate dense, high-quality, and
consistent human novel view images, which are also ideally
suited for subsequent 3D human reconstruction tasks.



Ethical Statement

Human-centric generation raises concerns like privacy vio-
lations and intellectual property rights infringement, requir-
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standards. However, we still believe that the proper use of
this technique will enhance the research of artificial intel-
ligence and digital entertainment. In this work, considering
the sensitivity of personal information, all processed data,
models, and results will be strictly used for academic pur-
poses and will not be authorized for commercial use.
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