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Abstract

We address feed-forward animatable animal reconstruc-
tion from a single in-the-wild image, a challenging set-
ting where the input is severely under-constrained yet the
output must remain both visually faithful and controllable.
Our framework decomposes the task into two stages: a
canonical four-view generation module that predicts front,
left, right, and back views of the same animal, and a
topology-aware reconstruction module that converts these
views into a SMAL-aligned animatable Gaussian represen-
tation. By fusing multi-view appearance cues in a UV-
aligned canonical space and anchoring Gaussian primi-
tives to the articulated animal topology, our method pro-
duces reconstructions that preserve both structural coher-
ence and re-poseability. To support this setting, we build
synthetic supervision from textured SMAL animal assets
with exact canonical-view and articulated 3D annotations.
Experiments on challenging in-the-wild quadruped images
suggest that our approach produces more consistent novel-
view renderings and more plausible animatable reconstruc-
tions than generic image-to-3D and animal reconstruction
baselines. Project page: https://vision3d-1lab.
github.io/anigauss/.

1. Introduction

Reconstructing a controllable 3D animal from visual ob-
servations is a long-standing goal in computer vision and
graphics. Such a representation would support applications
including pose-driven animation, content creation, virtual
production, and animal behavior analysis. Although recent
advances in generative 3D modeling and neural rendering
have improved single-image 3D reconstruction, most meth-
ods still recover only static geometry or category-agnostic
appearance, without a structured mechanism for animation
and control. Yet many downstream applications require not
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only reconstructing an animal’s appearance, but also recov-
ering a representation that can be reposed and rendered con-
sistently under novel articulations [19, 29, 30].

This challenge is especially severe for animals captured
in the wild. Compared with humans [14, 32], animals
show much larger shape variation across species and breeds,
more diverse fur patterns and textures, and frequent self-
occlusion under non-cooperative poses and viewpoints. In-
the-wild animal images are also captured from arbitrary
viewpoints under uncontrolled lighting and cluttered back-
grounds. These factors make single-image animatable re-
construction fundamentally difficult: the problem is highly
under-constrained, yet the output must preserve both ap-
pearance fidelity and articulation-aware structure. Exist-
ing methods do not fully address this setting [11, 12, 16—
18]. Some recover animatable representations from video
using temporal consistency and motion cues, but they rely
on multi-frame input and do not apply to single-image infer-
ence. Others operate on single images, but are either limited
to narrow categories such as dogs or recover only coarse
pose and shape without a textured, animatable output.

In this paper, we study the underexplored setting of feed-
forward animatable animal reconstruction from a single in-
the-wild image. Our goal is to reconstruct a 3D animal
representation that is both visually faithful and controllable
under a parametric animal prior [33, 34], enabling down-
stream animation from a single casually captured photo-
graph. To make this feasible, we decompose the problem
into two stages. First, from one input image, we infer a
small set of semantically consistent canonical views that
expose the animal from multiple directions. Second, we re-
construct an animatable 3D representation from these views
using a topology-aware Gaussian formulation aligned with
the SMAL prior. This design lets the model exploit strong
multi-view reconstruction machinery and produce an output
compatible with articulated control.

Our key idea is to build animatability into the represen-
tation itself. Instead of predicting unconstrained 3D prim-
itives or a static radiance field, we anchor Gaussian primi-
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tives to a deformable animal topology and decode them in
a canonical space aligned with the body prior [5]. Con-
cretely, our framework combines a multi-view image en-
coder with a SMAL-aware Gaussian decoder that predicts
appearance-aware Gaussian attributes while preserving ex-
plicit correspondence to an articulated quadruped template.
As aresult, the reconstructed animal can be reposed through
the underlying parametric model while maintaining coher-
ent appearance and geometry. This representation bridges
recent feed-forward 3D reconstruction pipelines, which are
efficient but usually static, and model-based animal capture
methods, which are controllable but typically require video
or optimization-heavy inference.

Our formulation differs from prior work in several ways.
Compared with video-based animal reconstruction meth-
ods [19, 29, 30], we remove the dependence on motion
and temporal observations and operate in the harder single-
image regime. Compared with category-specific single-
image approaches, we target a broader family of quadruped
animals rather than one species. Compared with methods
that estimate only pose or coarse shape, we recover an an-
imatable appearance representation for controllable render-
ing. More broadly, our method suggests that single-image
animal reconstruction need not be limited to static 3D re-
covery; by coupling feed-forward view completion with
topology-aware articulated decoding, we can reconstruct a
controllable animal avatar from one image.

To support this setting, we also build on AniGA10k, a
dataset for animatable animal reconstruction designed to
provide multi-view and articulation-aware supervision for
quadruped animals. It supports controllable reconstruction
beyond narrow species categories.

We evaluate our approach against strong baselines for
image-to-3D and animal reconstruction, including generic
feed-forward 3D methods and animal-adapted animat-
able reconstruction baselines. Experiments show that our
method produces higher-quality controllable reconstruc-
tions, with better appearance fidelity and more reliable pose
control in challenging in-the-wild cases.

In summary, our contributions are threefold.

* We formulate single-image animatable animal recon-
struction in the wild as a two-stage problem that separates
canonical view completion from animatable 3D recovery.

e We introduce a topology-aware Gaussian representation
anchored to the SMAL prior, enabling pose-conditioned
articulation after reconstruction.

e We build a synthetic supervision pipeline and provide
qualitative evidence on in-the-wild quadruped images.

2. Related Work

Animatable animal and human avatars. Animatable re-
construction methods recover controllable dynamic objects
using motion, temporal consistency, or body priors. For

animals, video-based methods recover deformable models
from casual sequences [10, 19, 21, 28-30], but they rely on
multi-frame evidence and often require per-sequence opti-
mization. For humans, neural and Gaussian avatar meth-
ods have shown that body-model priors can support pose-
controlled rendering [3, 4, 6, 7, 13, 14, 25, 32]. Howeyver,
these approaches are typically designed for human topol-
ogy, calibrated or video observations, or person-specific
capture. We target the complementary setting of feed-
forward animatable reconstruction for quadruped animals
from a single in-the-wild image.

Single-image 3D generation and view completion. Re-
cent image-to-3D methods have improved single-view re-
construction by combining large reconstruction networks,
diffusion-based view synthesis, and efficient 3D represen-
tations [1, 8, 20, 23, 24, 27, 31]. Gaussian splatting fur-
ther enables efficient radiance-field-like rendering with ex-
plicit primitives [5, 15, 22]. Despite their visual quality,
most generic image-to-3D methods produce static assets
and do not expose an articulation model for reliable pose
control. Our pipeline separates semantic view canonicaliza-
tion from topology-aware Gaussian decoding, keeping the
output compatible with SMAL-driven articulation.

3. Method

Our goal is to reconstruct an animatable 3D animal avatar
from a single in-the-wild image in a feed-forward manner.
This problem is challenging because a single image pro-
vides only partial appearance and geometry, whereas con-
trollable reconstruction requires both multi-view-consistent
shape and explicit articulation-aware structure. We address
this challenge with a two-stage formulation. First, we trans-
form the input image into a compact set of canonical seman-
tic views. Second, we reconstruct an animatable animal rep-
resentation from these views using a topology-aware Gaus-
sian model aligned with the SMAL prior.

Formally, given an input image %14, we first predict four
canonical views

f} — {j—front7 jlefl7 j—right7 j—back} , (1)

and then reconstruct an animatable animal representation
A: R

A=TFy (V) . @)
The first stage reduces viewpoint ambiguity by canonicaliz-
ing the observation, while the second stage ensures that the

recovered representation is not merely static, but explicitly
controllable under articulated motion.

3.1. Synthetic Training Data Construction

A core obstacle in this task is the lack of supervision that
simultaneously provides (i) an in-the-wild-style monocular
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Figure 1. Overview of our two-stage framework. Given a single in-the-wild image ™!, we first generate four canonical semantic views
Y = {Jfron pleft pright pbackl yi5ing a LoRA-adapted canonical view generator. We then reconstruct an animatable animal avatar A by

encoding the ordered four-view observations, fusing them in a
articulated Gaussians.

input, (ii) canonical multi-view supervision, and (iii) exact
articulated 3D ground truth. To address this, we build syn-
thetic data from controlled textured SMAL+ [33] meshes.

We generate textured animal identities by combining a
parametric animal body prior with text-guided shape and
texture synthesis, using AWOL [33] to obtain expressive
SMAL+ animal instances and SyncMVD [9] to generate
appearance-consistent textured meshes. Because shape, ar-
ticulation, and texture are all known, the resulting assets
provide precise 3D supervision during rendering. To avoid
training only on canonical poses, we extract global orien-
tation and body pose statistics from real animal videos and
use them to randomly articulate the generated animals be-
fore rendering the input image. This produces monocular
inputs resembling arbitrary in-the-wild observations while
preserving exact ground-truth geometry and pose. For each
posed input image, we render the same animal identity in
a canonical reference pose and camera setup, sample 24
views over 360°, and select front, left, right, and back as
canonical targets with exact SMAL+ supervision.

Overall, our training pairs take the form

Iwild N {Ifront7 Ileft, Iright) Iback} N .A*, (3)

where %4 is an in-the-wild-style monocular input, the
canonical images correspond to the same animal identity
rendered under controlled viewpoints, and 4* denotes the
target animatable 3D supervision.

3.2. Canonical Four-View Generation

Given an arbitrary in-the-wild animal image, our first stage
predicts four canonical images corresponding to the front,
left, right, and back views of the same identity. We imple-
ment this stage by fine-tuning an image editing model via
LoRA adaptation [2, 26].

The objective of this stage is not generic editing, but
semantic viewpoint canonicalization. During training,
the model receives an in-the-wild-style image together

UV-aligned canonical space, and decoding SMAL-topology-anchored

with a learned view token, e.g., <animal4v> frontal
view, and is optimized to produce the corresponding
canonical target image:

IV =Gy (1", 1v) v € {front, left, right, back}, (4)

where G, denotes the LoRA-adapted image editing model
and t¥ is the learned view-specific token.

This design has two advantages. First, it converts a
highly unconstrained monocular observation into an or-
dered set of reconstruction-friendly canonical views. Sec-
ond, because the model is trained on exact synthetic input-
target pairs generated from textured SMAL+ animals, it
learns animal-specific structural regularities rather than
generic object-level view completion.

3.3. Topology-Aware Four-View Animatable Re-
construction

Given the four canonical views, our second stage recon-
structs an animatable animal representation. The recon-
struction network is designed around three principles: (i)
semantic multi-view encoding, (ii) canonical-space fusion,
and (iii) template-aware animatable decoding.

3.3.1. Geometry-Aware Multi-View Encoding

We encode the ordered four-view inputs with a geometry-
aware multi-view encoder. For each view, we concatenate
the RGB image with Pliicker ray embeddings derived from
the corresponding camera parameters. Let

XV =[1°,11"], (5)

where I1V denotes the ray embedding for view v. The four-
view tensor is then processed by a shared multi-view en-
coder:

7 = 56 (Xfront Xleft Xright Xback) ) (6)

This representation is semantically structured rather than
unordered. Because the four inputs always correspond



to fixed canonical directions, the encoder can learn stable
cross-view correspondences across the canonical views.

3.3.2. UV-Space Canonical Fusion

Instead of decoding directly into unconstrained 3D primi-
tives, we first lift the encoded multi-view representation into
a canonical UV-aligned latent space:

U:Beb(z7ﬂ)7 (7)

where By, denotes the UV fusion module and 8 denotes the
SMAL shape parameters. The resulting UV latent acts as a
structured atlas on the canonical animal surface.

The UV-space design is important because it allows ap-
pearance information from multiple views to be accumu-
lated in a topology-aware coordinate system. As a result,
the decoder does not need to infer correspondence from
scratch; instead, it receives a latent representation already
aligned with the deformable animal body.

3.3.3. SMAL-Topology-Anchored Gaussian Decoding

From the UV latent U, we decode a set of Gaussian prim-
itives anchored to the SMAL topology. Let v; denote the
i-th anchor point sampled on the canonical SMAL surface.
For each anchor, the decoder predicts a local offset Av;,
opacity «;, color c;, scale s;, and local rotation Rli"c:

(AvivaivcivsivR’i’OC) = Ded(U,Z) (8)
The canonical Gaussian center is defined as
\A/'i =vVv; + AVZ‘. (9)

Given SMAL pose parameters 6 and shape parameters
B, each anchor is articulated by the corresponding skinning
transform T (0, ). The final Gaussian center is

X; ZTZ(Q,ﬂ) \A’i. (10)

Likewise, the final Gaussian orientation is obtained by com-
posing the articulated template rotation with the predicted
local rotation:

R; =R"(,3) R}™. (11)

The resulting Gaussian state is therefore not a free-
floating point cloud, but a template-aligned structured rep-
resentation. Because the Gaussian anchors are explicitly
tied to the SMAL body, the reconstructed animal remains
animatable under novel poses after inference.

3.4. Rendering and Training Objectives

We train the reconstruction network with rendering-based
supervision. Given the predicted Gaussian representation
and the target SMAL parameters, we render the animal

}
K
g 2 d

Reference LGM SAM3D TRELLIS

Animal-IDOL Ours

Figure 2. Qualitative single-image-to-3D comparison.

from the supervised camera views and compare the ren-
dered outputs with the ground-truth canonical target im-
ages. The training objective combines pixel-level recon-
struction losses, an optional perceptual loss, a head-focused
loss for preserving identity-sensitive facial details, silhou-
ette supervision when masks are available, and regulariza-
tion terms on Gaussian attributes such as opacity, scale, and
deformation offsets. Together, these objectives encourage
globally coherent reconstruction while adding extra super-
vision for local regions such as the head, legs, and tail.

4. Experiments

We evaluate our method through qualitative comparisons
with representative image-to-3D baselines. Since there is
no established benchmark for single-image animatable an-
imal reconstruction in the wild, this paper focuses on vi-
sual plausibility under a shared single-image input setting
on challenging quadruped images.

4.1. Baselines

We use strong generic image-to-3D baselines (LGM [23],
SAM3D [24], TRELLIS [27]). We also include an animal-
adapted version of IDOL [32] as an animatable baseline.
Since the original IDOL is designed for human reconstruc-
tion, we retrain it on our AniGA10k-based animal data to
obtain a quadruped baseline with identical inputs.

4.2. Qualitative Comparison on Image to 3D

Figure 2 compares our method against LGM, SAM3D,
TRELLIS, and the animal version of IDOL on challeng-
ing in-the-wild quadruped images. These examples include
significant articulation variation, partial self-occlusion, fur
texture, and complex silhouettes.

Compared with generic image-to-3D baselines, our
method produces reconstructions with stronger animal-
specific structural consistency and more faithful appearance
preservation. In particular, LGM, SAM3D, and TRELLIS
often generate plausible coarse geometry, but they tend to
struggle with consistent limbs, plausible rear views, and



identity-preserving texture completion under large view-
point changes. Their outputs may look visually reason-
able from limited viewpoints, yet often become inconsistent
when rendered from unseen views, especially for thin legs,
tails, and head geometry.

Compared with Animal-IDOL, our method produces
more stable multi-view appearance and sharper animal-
specific structural details. This improvement is particularly
visible in regions that are difficult to infer from a single im-
age, such as the back, side silhouette, and partially occluded
limbs. We hypothesize that this behavior is related to two
design choices: (i) the explicit canonical-view generation
stage, which may reduce monocular ambiguity, and (ii) the
topology-aware reconstruction design, which ties the recov-
ered representation to the articulated animal prior.

Overall, the qualitative comparisons suggest that our
method produces more consistent novel-view renderings
and more plausible full-body reconstructions than these
baselines in this challenging setting.

5. Conclusion

We introduced AniGauss, a feed-forward framework for re-
constructing animatable animal avatars from a single in-the-
wild image. Our approach first predicts canonical semantic
views and then converts them into a SMAL-topology-aware
Gaussian representation, enabling visually consistent novel-
view rendering and pose-conditioned animation. The qual-
itative comparisons suggest that canonical-view generation
and topology-aware reconstruction provide a practical path
toward single-image animatable animal reconstruction.

Limitations. Our current validation is primarily qualita-
tive, since there is no established real-image benchmark for
single-image animatable animal reconstruction in the wild.
In addition, our method is built on the SMAL [34] topology
and therefore works best for quadruped animals that can be
reasonably aligned to this prior. Animals with geometry that
significantly deviates from SMAL, such as prominent horns
or category-specific structures outside the template space,
remain challenging for the current framework.

Future Work. An important direction for future work is
to build a real-image benchmark for animatable animal re-
construction, with diverse species, poses, viewpoints, and
appearance variations, together with standardized evalua-
tion protocols. Another promising direction is to extend the
current SMAL-based formulation toward broader animal
priors and more flexible representations, so that the method
can better handle animals beyond the current quadruped
template family. We also plan to analyze the contribu-
tions of canonical-view generation and topology-aware re-
construction, and to study failures under heavy occlusion,

unusual viewpoints, and out-of-distribution appearances in
the wild.
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