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Input Novel views and poses from a single Image

Figure 1. We propose Dream, Lift, Animate, a novel framework to reconstruct high-fidelity, animatable 3D human avatars from a single
image by generating multi-view images, lifting them to 3D Gaussians, and mapping them to a pose-aware UV space (Fig. 2). Our approach
enables realistic animation and outperforms prior methods in visual quality (Fig. 5 and Tbl. 1).

Abstract

We introduce Dream, Lift, Animate (DLA), a novel
framework that reconstructs animatable 3D human avatars
from a single image. This is achieved by leveraging multi-
view generation, 3D Gaussian lifting, and pose-aware UV-
space mapping of 3D Gaussians. Given an image, we first
dream plausible multi-views using a video diffusion model,
capturing rich geometric and appearance details. These

views are then lifted into unstructured 3D Gaussians. To
enable animation, we propose a transformer-based encoder
that models global spatial relationships and projects these
Gaussians into a structured latent representation aligned
with the UV space of a parametric body model. This la-
tent code is decoded into UV-space Gaussians that can be
animated via body-driven deformation and rendered con-
ditioned on pose and viewpoint. By anchoring Gaussians
to the UV manifold, our method ensures consistency during
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animation while preserving fine visual details. DLA enables
real-time rendering and intuitive editing without requiring
post-processing. Our method outperforms state-of-the-art
approaches on the ActorsHQ and 4D-Dress datasets in both
perceptual quality and photometric accuracy. By combin-
ing the generative strengths of video diffusion models with
a pose-aware UV-space Gaussian mapping, DLA bridges
the gap between unstructured 3D representations and high-
fidelity, animation-ready avatars.

1. Introduction
Creating photorealistic 3D human avatars from monocular
RGB images remains a fundamental and challenging prob-
lem in computer vision and graphics, with wide-ranging
applications in gaming, telepresence, virtual try-on, and
digital content creation. Achieving high-quality avatar re-
construction from a single image requires addressing three
interrelated challenges. First, missing appearance details
arising from self-occlusions or limited camera viewpoints
must be plausibly and photorealistically hallucinated. Sec-
ond, sparse 2D information from the input image must be
reliably lifted into a geometrically coherent and accurate
3D representation. Third, and most critically, the resulting
avatars must be readily animatable, enabling realistic and
artifact-free motion synthesis under novel poses and view-
points while maintaining consistent geometry, texture, and
view-dependent effects.

Existing methods typically fall short in simultaneously
addressing these challenges. Recent approaches [20, 22, 72]
leverage the powerful generative capabilities of multi-view
diffusion models [53] to hallucinate missing appearance in-
formation; however, these models inherently produce in-
consistencies across generated views, leading to avatars that
appear overly smoothed, lack critical details, or introduce
visually jarring artifacts when animated. Conversely, meth-
ods relying on template-based rigging approaches, such as
automatically transferring skinning weights from canonical
human body models (e.g., SMPL [41]), typically require
careful fitting procedures [26, 27, 59, 79]. While powerful,
these methods can still encounter challenges when handling
non-standard poses, complex clothing, and significant self-
occlusions frequently encountered in unconstrained, real-
world scenarios, thus affecting their robustness and broader
applicability.

To overcome these limitations, we propose Dream,
Lift, Animate (DLA), a novel framework designed specifi-
cally for reconstructing high-quality, animatable 3D human
avatars from a single image. Our method addresses the core
reconstruction problem by decomposing it into three com-
plementary stages, each carefully designed to handle lim-
itations inherent in the preceding steps. Specifically, we
first leverage a pretrained video diffusion model [66] to

Dream plausible multi-view observations of the subject, ef-
fectively hallucinating realistic geometric and appearance
details even in regions unseen from the input viewpoint.
Despite the significant progress made by recent diffusion-
based approaches, their inherent view-to-view inconsisten-
cies prevent direct avatar reconstruction [72]. To resolve
this, we next Lift these generated views into an intermedi-
ate, unstructured 3D representation based on 3D Gaussian
primitives [34] in the input pose space, effectively aggre-
gating appearance and geometry cues from the multi-view
observations. Subsequently, to enable animation, we map
these unstructured Gaussians into a structured UV-space
representation. For this, we use a transformer-based en-
coder [74] that models global spatial relationships among
the unstructured 3D Gaussians and projects them into a
structured latent avatar representation, which aligns with
the UV space of the SMPL-X body model [48]. This
learned mapping also allows our model to reconcile incon-
sistencies introduced during the initial multi-view genera-
tion seamlessly. Finally, in the Animate stage, we present
a pose- and view-aware Gaussian parameter decoder that
converts this latent avatar representation into a UV-space
map of Gaussian parameters, enabling spatially coherent
and high-fidelity animation through linear blend skinning-
based Gaussian deformation.

We demonstrate the advantages of our approach through
extensive experiments on the challenging ActorsHQ [30],
4D-Dress [65], and SHHQ [16] datasets. Our method
achieves state-of-the-art performance in terms of photomet-
ric accuracy, perceptual quality, and articulation realism.

In summary, the core contributions of our work are:
• A novel framework (DLA) for reconstructing animat-

able 3D human avatars from a single monocular RGB
image, overcoming the inherent limitations of diffusion-
based multi-view generation and template-based rigging
approaches.

• A learned transformer-based encoder coupled with a
pose- and view-conditioned Gaussian Parameter Decoder
that maps unstructured 3D Gaussians into a structured
UV-space representation, enabling high-fidelity anima-
tion.

• Extensive experiments and ablations demonstrating the
effectiveness and versatility of our method, including
one-shot reconstruction, realistic animation, and editing.

2. Related Work
One-Shot Human Reconstruction. Reconstructing 3D hu-
man avatars from a single image has been explored using
both mesh-based and volumetric representations. Mesh-
based approaches, including PiFU(-HD) [55, 56] and its
extensions [3, 22, 57, 70, 71, 78, 79, 81], typically rely
on implicit surfaces or hybrid models [27, 58, 73, 80] to
reconstruct geometry and texture. While some decouple
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Figure 2. Overview of the proposed Dream, Lift, Animate (DLA) framework for reconstructing animatable 3D human avatars from a
single image. In the Dream stage (Sec. 3.1), we synthesize novel views from the input using a diffusion-based generator. In the Lift stage
(Sec. 3.2 and Fig. 3), we project the multi-view images into a set of unstructured 3D Gaussians in the pose space using a learned Gaussian
reconstruction model G. Subsequently, we learn a transformer encoder F to map 3D Gaussians to a structured latent code Z in the UV
space of a parametric body model. In the Animate stage (Sec. 3.3 and Fig. 4), we decode the avatar code into a pose- and view-aware
Gaussian parameter map F. This structured representation enables realistic animation and rendering via deformation with a body model.

albedo and shading [3, 13, 57], mesh-based methods of-
ten struggle to model realistic view-dependent effects. Vol-
umetric representations address these limitations. Works
based on NeRFs [6, 7, 17, 24, 26, 68] achieve high fi-
delity but remain slow to render. Recent methods adopt 3D
Gaussian Splatting (3DGS) [34] for efficient, real-time ren-
dering. Human-focused variants [10, 40, 45, 60, 72] use
diffusion-generated multiviews [63] to supervise Gaussian
reconstruction. However, these typically model static pose-
space geometry and lack support for animation under novel
poses.
Animatable Avatars. To enable animation, early works
like ARCH [19, 29] use canonicalization with LBS defor-
mation, extended by feedforward models [24, 49]. These
methods, however, depend on accurate body registration,
which is often challenging for complex poses and clothing.
IDOL [83] and LHM [51] (concurrent work) directly pre-
dict Gaussian splats on the SMPL-X template to support
animation. However, their deformation module does not
consider pose-dependent effects. In contrast, our approach
conditions the Gaussian parameters on the target pose, en-
abling pose-dependent effects. In addition, our approach is
substantially more lightweight because it decomposes the
task into more tractable subproblems of multiview halluci-
nation, 3D lifting, and UV-space mapping. While IDOL
and LHM train on multiple nodes (32 NVIDIA A100/H100
GPUs), our model only requires a single node (8 NVIDIA
A100 GPUs). Our lightweight design enables modularity
and better handling of pose- and view-dependent appear-
ance effects essential for animation.
Generative Priors. Generative models such as GANs [18]
and diffusion models [39, 53] have also been used as

strong priors for ill-posed problems such as single-image
human reconstruction [2, 17, 22, 28, 38, 42, 45, 75, 79].
Recent methods apply diffusion models for view synthe-
sis and geometry prediction [12, 22, 45, 72, 79]. Hu-
man3Diffusion [72] jointly trains a 3DGS generator with
a multiview diffusion model, but remains limited by low
resolution (256 × 256) and a lack of animation support.
SiTH [22] and HumanSplat [45] synthesize unseen views
using single- or multi-view diffusion, while SIFU [79] uses
a transformer to predict geometry and refines textures with
diffusion. Our method builds on both paradigms, i.e., we
leverage a pretrained video diffusion model [66] to synthe-
size unseen views of the person, and we use a PatchGAN
[31] to achieve higher realism and high-frequency details.
Generating 3D Avatars as Latents. Learning generative
models of humans in a structured latent space enables con-
trollable synthesis and supports downstream tasks such as
few-shot reconstruction, inpainting, and editing. Early 3D
methods map latent codes to implicit fields [4, 14, 23] or
SDFs [44, 46, 77], often using tri-plane features and ad-
versarial supervision. To improve pose control and spatial
detail, recent works incorporate body priors [41, 48] with
structured latents [1, 11, 23, 25, 35, 43]. However, these
methods still fall short in texture realism and often rely on
optimization-based inversion [52, 69] for image/text con-
ditioning. In contrast, our method directly maps an input
image to a compact, UV-aligned avatar latent that naturally
supports animation, editing, and even interpolation.

3. Method
Fig. 2 provides a high-level overview of our proposed
framework for reconstructing animatable 3D human avatars



from a single image. Given the input image I1 ∈
RHI×WI×CI , our method proceeds in three stages: Dream,
Lift, Animate. In the first stage, Dream, we employ
a video diffusion model [66] to generate plausible multi-
view images In2 , . . . , I

n
V from the input, addressing self-

occlusions and incomplete viewpoints. Although visually
compelling, these generated views often exhibit inconsis-
tencies. Thus, in the second stage, Lift, we lift these multi-
view images into a coherent set of unstructured pose-space
3D Gaussians Gp

1, . . . ,G
p
K and use a novel transformer-

based encoder to transform them into an animation-friendly
structured latent representation Z, which is aligned with the
UV space of the SMPL-X body model [48]. Finally, in the
third stage, Animate, a Gaussian Parameter Decoder pre-
dicts a Gaussian parameter map F in the UV space from the
latent code Z, target pose, and viewpoint conditions. We
can then sample structured Gaussians Gs

1, . . . ,G
s
N from

the parameter map. These Gaussians can be readily an-
imated via linear blend skinning (LBS) and rendered in
real-time: Î = R({Gs

1, . . . ,G
s
N},Θ, π), where R is a

rendering function that deforms the structured Gaussians
Gs

1, . . . ,G
s
N according to the target pose Θ using SMPL-X

linear blend skinning, and rasterizes them with camera π.

3.1. Dream: Multi-view Generation

As illustrated in Fig. 2, our method begins by generating
a set of multi-view images consisting of the original in-
put view I1 and a set of novel views In2 , . . . , I

n
V . During

training, these views are sourced directly from multi-view
datasets with known camera calibrations. At inference time,
however, we synthesize novel views using a ControlNet-
guided variant [66] of a video diffusion model [64]. Specifi-
cally, we first estimate the SMPL-X parameters from the in-
put image [20] and render 2D skeletal poses of the predicted
mesh from virtual cameras placed around a 360-degree az-
imuth. These projected poses serve as control signals to
guide the diffusion model in generating photorealistic im-
ages from novel viewpoints. While this approach enables
hallucination of previously unseen regions and recovers oc-
cluded appearance details, the resulting views may still ex-
hibit 3D inconsistencies due to artifacts inherent to the gen-
erative diffusion process. Please see the supplementary ma-
terial for more details.

3.2. Lift: Unstructured Gaussian and Latent Avatar
Code Generation

Fig. 3 illustrates how we lift the multiview observations into
a unified 3D avatar representation in two sequential sub-
stages. We reconstruct per-view 3D Gaussians in the input
pose space and map these unstructured 3D Gaussians into a
structured latent avatar code in the UV space of the SMPL-
X body model, which is more amenable to animation.
Unstructured Gaussians Reconstruction. We employ a

pose-space reconstruction model G to map the multiview
images into a set of pixel-aligned 3D Gaussians. The model
uses a U-Net-based architecture augmented with cross-view
self-attention, following the design of the Large Gaussian
Model (LGM) [60]. The resulting Gaussians from all
views are then fused into a single set of unstructured 3D
Gaussians. Reconstructing Gaussians directly in the input
pose space is a tractable and effective strategy, as it avoids
the highly non-linear mappings required to directly predict
avatar geometry in canonical or UV coordinates. This de-
sign choice allows our method to faithfully recover rich ap-
pearance and geometric details from the input views while
remaining robust to inconsistencies.

Latent Avatar Code Generation. While informative, these
unstructured Gaussians are not directly amenable to anima-
tion because they lack a consistent topology and structure.
To address this, we introduce a transformer-based encoder
F that converts the unstructured Gaussians into a structured
latent avatar code Z. The latent code is aligned with the
UV space of the SMPL-X model [48], which supports ex-
pressive deformation and animation via linear blend skin-
ning (LBS). As illustrated in Fig. 3, we first extract per-
Gaussian features by concatenating each Gaussian’s raw
parameters (e.g., color, position) with intermediate U-Net
[54] activations and linearly project them to an embedding
space. These U-Net features are pixel-aligned by construc-
tion. The per-Gaussian features are then filtered and down-
sampled with farthest-point sampling [15] into a more com-
pact feature X ∈ RP×Cp where P is the number of fil-
tered Gaussians and Cp is the combined dimensionality of
the Gaussian parameters and U-Net features.

To associate this representation with the SMPL-X UV
space, we use a UV-space vertex position map P ∈
R3×Hp×Wp generated by deforming the SMPL-X mesh
with the input pose ΘI and rasterizing the mesh vertex coor-
dinates into UV space. This position map is positionally en-
coded and used as queries in a cross-attention layer, where
the Gaussian features X serve as keys and values. The re-
sult is a compact, spatially-structured latent code Z aligned
with the UV manifold of the SMPL-X body.

This design provides several critical advantages. First,
reconstructing Gaussians in the input pose space and lift-
ing them into UV space decouples local appearance estima-
tion from structural reasoning, simplifying both tasks. Sec-
ond, the feed-forward nature of our lifting pipeline supports
fast inference and enables end-to-end differentiable train-
ing. Finally, by leveraging a learned reconstruction model
and a structured UV mapping, our method effectively ab-
sorbs view inconsistencies and artifacts in the generated
multiview inputs, producing a coherent and animatable in-
termediate representation.
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Figure 3. Lift from multiview images to an avatar latent code. The pose-space reconstruction model produces pixel-aligned Gaussian
parameters with corresponding feature maps, denoted pose-space Gaussians and per-Gaussian features. The Gaussians are filtered and
subsampled to construct a compact Gaussian feature X with 2048 Gaussians. These inputs are further processed by a transformer. Specifi-
cally, the compact Gaussian feature serves as context (key K and value V) to a cross-attention layer with queries Q being the positionally
encoded vertex position map P. Finally, the output is reshaped and yields the avatar latent code Z. This figure omits linear projections,
skip-connections, and positional encoding for improved readability.

3.3. Animate: Structured Gaussian Generation and
Deformation

Gaussian Parameter Decoder. Building upon the UV-
aligned latent avatar code Z produced in the previous stage,
we now decode this representation into a fully animatable
Gaussian-based avatar. As shown in Fig. 4, the Gaussian
Parameter Decoder (GPD) maps the avatar latent code Z to
a UV space Gaussian parameter map, from which structured
3D Gaussians can be sampled. Since convolutional net-
works greatly benefit from pixel-aligned input features, we
design the GPD as a spatially-adaptive ConvNet [47, 82].
The GPD is conditioned on the UV-aligned latent Z and
a one-hot encoded UV segmentation map [48]. We con-
dition with spatially-adaptive normalization [47] because
pixelwise normalization has been shown to provide great
results for generating images that are aligned to semantic
maps [8, 9, 47, 82]. At the highest resolution, the GPD
branches out into a canonical branch and a pose- and view-
dependent branch. The pose- and view-dependent branch
receives additional inputs with information about the target
geometry (surface normals), viewpoint (Plucker rays [32]),
and pose (relative vertex position map w.r.t. to the neutral
pose). These inputs are created by instantiating the SMPL-
X body model with the given target pose and rasterizing
its relative vertex location, normals, and plucker rays to
the UV space. The inputs are again encoded via spatially

adaptive normalization and condition the pose- and view-
dependent branch. The two branches are merged with an
addition. The output is a UV space Gaussian parameter map
F ∈ RHG×WG×14, which contains the 3D Gaussian param-
eters, including alphas, colors, as well as positions, rota-
tions and scales defined in the UV tangent space. The two-
branch design enables fast inference by caching the canon-
ical branch. Please refer to Sec. 4.2 for more information.
Structured Gaussian Generation and Rendering. We
generate the structured 3D Gaussians {Gs

1, . . . ,G
s
N} by

sampling the UV space Gaussian parameter map F at uni-
form locations in the UV space and on the mesh surface.
Each Gaussian Gs

i is defined in the UV tangent coordinates
and contains the position ∆xyz

i , rotation ∆R
i , scale ∆s

i, alpha
αi, and color ci. To obtain the Gaussians in the world space,
we deform the SMPL-X body mesh using the target pose
Θ via linear blend skinning, which yields the UV tangent
space coordinates (Ti, Ri, Si), which consist of position Ti,
rotation Ri, and scale Si. We obtain the final position, rota-
tion, and scale of each Gaussian by

Gxyz
i = Ti +Ri∆

xyz
i , GR

i = Ri∆
R
i , Gs

i = Si∆
s
i (1)

and rasterize the avatar using Gaussian Splatting [34].

3.4. Training

Training presents significant challenges as the model must
learn a complex mapping from 2D images through an in-
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Figure 4. Animate. The Gaussian Parameter Decoder (GPD, Sec. 3.3) maps a UV-aligned latent Z to an animatable 3D Gaussian
representation. The GPD upsamples the avatar latent code Z and produces two output maps: a canonical Gaussian map Fc and an offset
map F∆. The offset map F∆ adds pose- and view-dependent offsets to the canonical Gaussian Fc, enabling pose- and view-dependent
effects. Given a pose Θ and camera π, the Gaussians are deformed with linear blend skinning [48] and rasterized to an RGBA image [34].

termediate UV space to a 3D Gaussian parameter repre-
sentation. We provide the model with ground truth inputs
with 90-degree yaw angle differences and task the model
with reconstructing novel viewpoints. Given the Gaussian
avatar produced by GPD (Sec. 3.3), we render it using the
ground-truth SMPL-X parameters and compute the follow-
ing losses:

LGPD = λL1LL1 + λVGGLVGG (2)
+ λMaskLMask + λGANLGAN (3)
+ λKLLKL + λCLC, (4)

where the L1 reconstruction loss LL1 = ∥I∗ − Î∥1 mea-
sures the absolute difference between the rendered output
and ground truth image. For mask supervision, we com-
pute LMask = ∥M∗ − Â∥1, which enforces consistency be-
tween the alpha maps from Gaussian splatting Â and the
ground truth masks M∗. To enhance perceptual quality, we
incorporate a GAN loss LGAN using a Patch Discriminator
[31] with least squares optimization. The perceptual VGG
loss LVGG leverages an AlexNet [36] backbone with fea-
tures masked by the ground truth mask M∗. For regulariza-
tion, we apply a Kullback-Leibler Divergence term LKL to
constrain the avatar latent maps, and LC = ∥F∆∥2 encour-
ages minimal offsets in the Gaussian offsets map.

We also provide intermediate supervision to the pose-
space reconstruction model G (Sec. 3.2). Since the unstruc-
tured reconstructed Gaussians are already in pose-space, we
splat them and apply the following losses:

LUG = λUG
VGGLUG

VGG + λUG
MaskLUG

Mask, (5)

where LUG
VGG and LUG

Mask are the VGG loss and mask loss
computed on the reconstructed images, respectively. The

total loss then becomes: L = LGPD+LUG. Fig. 3 and Fig. 4
highlight the supervised outputs in red and the regularized
features in orange.

4. Experiments

We compare our approach with state-of-the-art methods
[22, 61, 79, 83] for human reconstruction from a single im-
age, demonstrating superior performance in both novel view
synthesis and animation tasks (Tbl. 1 and Fig. 5). We then
showcase the versatility of our framework through various
applications like animation (Fig. 1), editing and interpola-
tion (Fig. 7). Finally, we conduct extensive ablation studies
(Tbl. 2) to validate our design choices and analyze the im-
pact of different components on the overall performance.

4.1. Comparison with State-of-the-art

We compare with several state-of-the-art methods for one-
shot human reconstruction [22, 61, 79, 83]. We measure
perceptual (LPIPS) [76] and structural similarity (SSIM)
[67], and photometric accuracy (PSNR) for novel view syn-
thesis in Tbl. 1. Fig. 5 shows visual results. Fig. 6 demon-
strates animation capabilities.

Method LPIPS ↓ PSNR ↑ SSIM ↑
DreamGaussian [61] 0.1514 19.48 0.8837
SiTH [22] 0.1577 18.88 0.8764
SIFU [79] 0.1408 19.42 0.8823
IDOL [83] 0.0696 24.48 0.9261
Ours 0.0580 25.58 0.9279

Table 1. Quantitative results on ActorsHQ [30]. We compare novel
view synthesis on the input image. Please see Fig. 5 for visuals.
The supplementary contains comparisons for novel pose synthesis
and comparisons on the 4D-Dress dataset [65].



Input DreamGaussian SiTH SIFU IDOL Ours GT
Figure 5. Comparison for novel view synthesis with DreamGaussian [61], SiTH [22], SIFU [79], and IDOL [37]. Tbl. 1 lists metrics.

Input IDOL [83] Ours
Figure 6. Comparison for animation. Our DLA framework enables detailed renderings for difficult poses, outperforming the state-of-the-art
in one-shot animatable avatars in perceptual and photometric metrics. Please see the supp. mat. for more examples and metrics.

Our quantitative evaluation in Tbl. 1 demonstrates supe-
rior performance in novel view synthesis. We compare our
approach against state-of-the-art methods by taking a sin-
gle image as input and rendering it from multiple unseen
viewpoints, as visualized in Fig. 5. The metrics reported in
Tbl. 1 confirm our method’s effectiveness across all evalua-
tion criteria. In the following, we discuss the results taking
the limitations of the state-of-the-art into consideration.

DreamGaussian [61] employs score distillation sampling
[50] to produce static Gaussians that can be converted into
a mesh with texture refinement, which does not account for
view-dependent effects. SiTH [22] and SiFU [79] also re-
construct textured meshes using implicit functions, but re-
quire additional rigging (e.g., with Mixamo) for animation.
IDOL [83] offers fast inference but sacrifices quality, as it
directly predicts a Gaussian map in the UV space. This
presents two drawbacks: first, it attempts to solve two com-
plex steps (Dream and Lift) simultaneously; second, their
Gaussians are not conditioned on the target pose, ignoring
pose-dependent effects. These limitations result in reduced
reconstruction quality, as evidenced in Tbl. 1 and Fig. 5.

Furthermore, we showcase our animation capabilities on
ActorsHQ [30] in Fig. 6 and on in-the-wild image [16] in
Figures 1. The results demonstrate high-quality pose trans-
fer while preserving the avatar’s geometric and appearance.
Please see the supplementary material for a comparison for

novel pose synthesis, comparisons on the 4D-Dress dataset
[65], and experimental details regarding the comparisons.

4.2. Applications

The structured nature of our UV-space Gaussian Parame-
ter Map, decoded from the avatar latent code Z, enables a
range of downstream applications. Beyond reconstruction
and animation, it supports controllable editing and we ob-
serve emergent properties like smooth interpolations.
Editing. Our structured latent representation Z is spatially
aligned with the UV space of the human body, allowing se-
mantic and part-aware manipulations. This alignment en-
ables intuitive avatar editing by performing localized oper-
ations on Z. For instance, we can swap specific regions
between the latent codes of two different avatars. The de-
coder then faithfully reconstructs coherent and photoreal-
istic avatars reflecting these edits. This facilitates flexi-
ble avatar customization and compositional synthesis (see
Fig. 7, bottom).
Emerging Capabilities. Although our framework is not
designed as a generative model, we observe that the learned
latent space Z exhibits smooth structure similar to that of
generative style spaces [5, 33, 47, 53, 62]. As a result,
interpolating between the latent codes of different avatars
yields plausible and continuous transitions between identi-
ties. Qualitative results are shown in Fig. 7 (top).
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Figure 7. Applications. Our structured latent code affords editing like face swapping and virtual try-on of shoes (right). In addition,
we observe emerging capabilities like smooth interpolations between avatar latent codes (left). These examples are reconstructions using
multi-view inputs from CustomHumans [21].

Rendering Speed. The design of our Gaussian Parame-
ter Decoder (Fig. 4) allows real-time rendering while con-
sidering pose- and view-dependent effects. When render-
ing novel poses or views for a given subject, we cache the
canonical Gaussian map Fc because it does not depend on
the pose and viewpoint—only the offset map F∆ needs to
be computed for each frame. This enables rendering frames
of resolution 512 × 512 at 33 FPS (30 ms per frame) on a
single NVIDIA RTX 5880.

4.3. Ablations

We report metrics for several ablation studies in Tbl. 2.
The first set of ablations examines techniques for mapping
pose-space Gaussians from an unstructured cloud to a struc-
tured UV space (A). In ablation A.i, we use the SMPL-X
body model to directly project pixel-aligned Gaussians to
the UV space, similar to RGB texture unprojection when re-
constructing textured meshes from multi-view inputs. This
approach lacks learning capabilities and fails to account for
shapes beyond the body model (like clothing), resulting in
a significant drop in perceptual quality (27% decrease in
LPIPS). We also experiment with learning the query (A.ii)
instead of using the vertex position map (X in Fig. 3) and
found it to yield worse results. We conclude that the vertex
position map introduces valuable prior knowledge from the
body model, which is missing in the learned query. The
second ablation (B) finds a positive impact of view- and
pose-conditional inputs in the Gaussian Parameter Decoder
(Fig. 4). The third set of ablations (C) considers different
inputs to our full model. For inference, our encoder takes
the ground-truth frontal input image I1, three synthesized
images {In2 , ..., InV }, and estimated SMPL-X parameters as
input. We study the effect of noisy SMPL-X parameters in
the transformer encoder (C.i), which is particularly relevant
for in-the-wild settings where fitting the body model might
be challenging. Replacing the ground-truth input image I1
with the reconstruction from the diffusion model slightly re-
duces performance (C.ii). Conversely, we simulate the po-
tential of next-generation video diffusion models by feed-
ing only ground-truth novel views as input, which leads to
a substantial performance gain (C.iii), indicating room for
further improvement by just replacing the video diffusion

model with an improved version, thanks to our our modu-
lar design. We provide more detailed ablations in the supp.
mat.

LPIPS ↓ PSNR ↑ SSIM ↑
A. UV mapping
i) Mesh unprojection (no learning) 0.0790 23.66 0.9209
ii) Learned Query 0.0652 24.67 0.9254
B. Animate & render
No conditioning 0.0644 24.86 0.9248
C. Inputs
i) Noisy SMPL-X inputs 0.0660 24.77 0.9240
ii) 4 synthetic inputs 0.0657 24.78 0.9237
iii) 4 GT inputs 0.0613 25.71 0.9310
Ours 0.0624 25.09 0.9254

Table 2. Ablation studies (Sec. 4.3).

5. Conclusion
We introduced a novel framework for high-quality 3D hu-
man avatar reconstruction from a single image. Our ap-
proach, Dream, Lift, Animate, leverages a multiview dif-
fusion model to dream plausible unseen viewpoints, which
are then lifted into an unstructured 3D Gaussian representa-
tion via a large feed-forward reconstruction model. A key
contribution of our work is a transformer-based encoder that
maps these unstructured Gaussians into a structured UV-
space representation. This structured form enables realistic
animation, fine-grained control, and intuitive editing, while
also exhibiting emergent properties such as smooth identity
interpolation. Through extensive experiments, we demon-
strate that our method achieves state-of-the-art performance
in both perceptual quality and photometric accuracy across
multiple benchmarks.

Our method has several limitations that warrant dis-
cussion. Close body parts may cause color leakage
between adjacent regions (e.g., hand skin color affect-
ing nearby clothing). Moreover, while our method can
handle slight inconsistencies in the generated multiview
images, it cannot handle significant inconsistencies.
Finally, reconstructed avatars may exhibit inconsis-
tencies in identity, primarily in facial features. This
stems from training dataset biases (THuman2.0, Cus-
tomHumans, and 4D-Dress) and the low resolution of
face regions in the input. Training our method on in-
the-wild monocular images is an interesting future work.



References
[1] Rameen Abdal, Wang Yifan, Zifan Shi, Yinghao Xu, Ryan

Po, Zhengfei Kuang, Qifeng Chen, Dit-Yan Yeung, and Gor-
don Wetzstein. Gaussian shell maps for efficient 3d human
generation. In CVPR, 2023. 3

[2] Badour AlBahar, Shunsuke Saito, Hung-Yu Tseng, Changil
Kim, Johannes Kopf, and Jia-Bin Huang. Single-image 3d
human digitization with shape-guided diffusion. In SIG-
GRAPH Asia, 2023. 3

[3] Thiemo Alldieck, Mihai Zanfir, and Cristian Sminchisescu.
Photorealistic monocular 3d reconstruction of humans wear-
ing clothing. In CVPR, 2022. 2, 3

[4] Alexander Bergman, Petr Kellnhofer, Wang Yifan, Eric
Chan, David Lindell, and Gordon Wetzstein. Generative neu-
ral articulated radiance fields. Advances in Neural Informa-
tion Processing Systems, 35:19900–19916, 2022. 3

[5] Marcel C. Buehler, Abhimitra Meka, Gengyan Li, Thabo
Beeler, and Otmar Hilliges. Varitex: Variational neural face
textures. In CVPR, 2021. 7

[6] Marcel C Buehler, Kripasindhu Sarkar, Tanmay Shah,
Gengyan Li, Daoye Wang, Leonhard Helminger, Ser-
gio Orts-Escolano, Dmitry Lagun, Otmar Hilliges, Thabo
Beeler, et al. Preface: A data-driven volumetric prior for
few-shot ultra high-resolution face synthesis. In Proceedings
of the IEEE/CVF International Conference on Computer Vi-
sion, pages 3402–3413, 2023. 3

[7] Marcel C Buehler, Gengyan Li, Erroll Wood, Leonhard
Helminger, Xu Chen, Tanmay Shah, Daoye Wang, Stephan
Garbin, Sergio Orts-Escolano, Otmar Hilliges, et al. Cafca:
High-quality novel view synthesis of expressive faces from
casual few-shot captures. In SIGGRAPH Asia 2024 Confer-
ence Papers, pages 1–12, 2024. 3

[8] Marcel Buhler, Seonwook Park, Shalini De Mello, Xucong
Zhang, and Otmar Hilliges. Content-consistent generation
of realistic eyes with style. In 2019 IEEE/CVF International
Conference on Computer Vision Workshop (ICCVW), pages
1–5. IEEE, 2019. 5

[9] Marcel C Buhler, Andrés Romero, and Radu Timofte.
Deepsee: Deep disentangled semantic explorative extreme
super-resolution. In Proceedings of the Asian Conference on
Computer Vision, 2020. 5

[10] Jinnan Chen, Chen Li, Jianfeng Zhang, Lingting Zhu,
Buzhen Huang, Hanlin Chen, and Gim Hee Lee. Gener-
alizable human gaussians from single-view image. arXiv
preprint arXiv:2406.06050, 2024. 3

[11] Zhaoxi Chen, Fangzhou Hong, Haiyi Mei, Guangcong
Wang, Lei Yang, and Ziwei Liu. Primdiffusion: Volumetric
primitives diffusion for 3d human generation. In NeurIPS,
2023. 3
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