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Figure 1. WildAni4D: A Synthetic Video Generation Pipeline and Reconstruction Model for 4D Animal Motion. Left: Samples from
our generator: SMAL-based animals with sequence-consistent shape, realistic textures, and diverse indoor/outdoor scenes and camera
motions; each frame is annotated with SMAL parameters, 2D/3D keypoints, and segmentation. Right: 4D Reconstruction of Animal from
in-the-wild. Given an in-the-wild video, our model reconstructs metric-scale global trajectory.

Abstract

Recovering 4D animal motion, including 3D geometry and
global trajectory, is essential for quantitative biomechanics
and behavioral analysis. However, two major challenges
hinder the progress of animal motion recovery. Existing
methods lack sufficient annotated video data and suffer from
per-frame temporal instability. To address this, we intro-
duce WildAni4D, a framework that unites a novel synthetic
video generation pipeline with a new reconstruction model.
First, our generator creates a large-scale dataset of real-
istic, appearance-consistent video sequences with ground-
truth animal geometry and camera trajectories. Second,
our reconstruction model robustly estimates temporally co-
herent motion using a single sequence-level shape and per-
frame pose predictions. We demonstrate that our model out-
performs state-of-the-art per-frame methods, drastically re-
ducing temporal pose flicker and shape drift. WildAni4D
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offers a scalable solution for 4D animal reconstruction, en-
abling large-scale motion analysis from in-the-wild videos.
Moreover, WildAni4D enables diverse downstream appli-
cations, including animal motion data annotation, animat-
able animal reconstruction, and text-to-motion generation.
Project page: vision3d-lab.github.io/wildani4d

1. Introduction

Accurately recovering the 4D motion of animals is essen-
tial for understanding animal behavior, building animat-
able digital animals, and supporting biomechanical analy-
sis. However, unlike humans, animals exhibit extreme di-
versity in appearance, scale, and motion patterns, and hand-
held monocular cameras often capture animals in uncon-
strained environments. As a result, reconstructing world-
grounded 4D animal motion from in-the-wild videos re-
mains an unsolved challenge.


https://vision3d-lab.github.io/wildani4d

Compounding the problem is the lack of 4D animal
training data. In the human domain, large motion cap-
ture datasets [11, 22] and multi-view recordings have en-
abled strong video models and world-grounded motion es-
timation [28, 35]. For animals, however, collecting pose-
annotated, trajectory-aligned, multi-view videos at scale is
effectively impossible. Consequently, most existing animal
approaches focus on single-image 3D recovery [21, 23, 27],
which cannot handle temporal dynamics, suffer from shape
drift over time, and cannot recover global trajectories.

In this paper, we address these challenges by introduc-
ing a complete system for recovering the global trajec-
tory and articulated motion of 3D animals from monocu-
lar in-the-wild videos. First, we develop a large-scale syn-
thetic video generation pipeline. We combine dynamic,
textured 3D animals, which are generated with Skinned
Multi-Animal Linear Model (SMAL) [47] mesh from text-
prompted shapes [46] and motion dataset [17, 41], with di-
verse 3D scenes. These scenes are sourced from indoor
scans (e.g., Matterport [5]), outdoor 3DGS captures [10,
14], and HDRI maps. We render these elements with a va-
riety of complex, simulated camera trajectories to mimic
real-world videography (see Fig. 1).

Second, we introduce the Animal Video Transformer
(AVT), a two-stage reconstruction model built to explic-
itly disentangle camera motion from animal motion. Us-
ing this camera path as a global reference, AVT regresses
the animal’s kinematic motion. We add a shape consistency
module by modifying the regression head to output a sin-
gle shape for the entire sequence, while predicting pose per
frame. This design enforces shape consistency across the
video and suppresses the severe temporal drift that affects
per-frame or naive sequential models. By composing the
recovered global camera motion with the regressed relative
animal motion, our method achieves accurate and tempo-
rally coherent 4D animal reconstruction in the world space.

We demonstrate that trained on our synthetic dataset,
AVT achieves the strongest performance among the com-
pared methods on our synthetic benchmark, reducing pose
error and improving temporal coherence relative to single-
frame baselines. On in-the-wild videos, it also yields more
faithful results under a downstream reconstruction-based
evaluation protocol. Moreover, we demonstrate that our
framework enables diverse downstream applications, in-
cluding animal motion data annotation, animatable animal
reconstruction, and text-to-motion generation.

In summary, our contributions are:

* We propose a synthetic video generation pipeline that
combines dynamic textured animals, diverse 3D scenes,
and realistic camera motions to produce realistic, anno-
tated training data.

* We propose the Animal Video Transformer (AVT), a
complete two-stage system that recovers global 4D ani-

mal motion from monocular video by integrating spatio-
temporal features with a novel shape consistency regres-
sion scheme for robust and stable reconstruction.

* We highlight that the proposed framework can sup-
port diverse downstream applications, including pseudo-
ground-truth annotation, animatable animal reconstruc-
tion, and text-to-motion generation.

2. Related Work

Animal Pose and Shape Reconstruction. The 3D re-
construction of animals is a critical task for the quanti-
tative analysis of behavior and biomechanics. This field
faces significant challenges not present in human-centric
domains, including vast species shape diversity and fre-
quent joint occlusions inherent to quadrupedal locomotion.
The 3D reconstruction of animals is divided into model-
free approaches, which reconstruct 3D shape directly from
images, and model-based approaches. Model-free meth-
ods, such as LASSIE [42], MagicPony [36], 3DFauna [18],
BANMO [38] and RAC [39], learn to reconstruct articulated
3D shapes without a predefined template, offering broad ap-
plicability. However, these representations are not always
explicitly editable or suited for kinematic animation.

In contrast, model-based approaches leverage a paramet-
ric 3D template. The seminal work in this area is the SMAL
model [47], a parametric model for quadrupeds learned
from 3D scans of toy figures. This model has been widely
adopted and extended [6, 16, 26], enabling methods to es-
timate 3D pose and shape from monocular in-the-wild im-
ages [3, 26, 27, 48]. Nevertheless, SMAL estimation has not
been thoroughly examined in other challenging species, de-
spite the high-quality reconstruction that has been achieved
on specific species (e.g., horses and dogs).

To address this problem, recent efforts have focused on
scalable pipelines for generating realistic synthetic images.
GenZoo [23] and AniMer [21] have introduced pipelines
that leverage conditional image-generation models [44] to
create large-scale static image datasets with perfect ground-
truth SMAL parameters. Both methods adopt HMR2.0 [8]-
style per-frame ViT architectures [7, 37], enabling strong
single-image pose and shape estimation when trained on
sufficiently large synthetic datasets. These datasets have
proven highly effective for training robust, single-frame 3D
animal reconstruction models. However, animal behavior
is an inherently dynamic process. To bridge this gap, we
propose a 4D animal reconstruction model that maintains
strong temporal consistency across frames.

Synthetic Data for Pose Estimation. The challenge of
data acquisition is not unique to the animal domain. In the
3D Human Mesh Recovery (HMR) task, synthetic data has
become a cornerstone for training robust models [4, 24, 40].
The BEDLAM dataset [4], in particular, demonstrated a



critical breakthrough. By generating a large-scale syn-
thetic video dataset with high-fidelity graphics and realistic,
physics-simulated clothing, BEDLAM showed that a net-
work trained only on synthetic data could achieve state-of-
the-art accuracy on real-world image benchmarks [13, 34].

A key insight from BEDLAM is that data quality and
scale can be as important as architectural innovation. BED-
LAM showed that high-quality synthetic data can substan-
tially advance HMR. This suggests that the primary bot-
tleneck is often the data, not the model. Earlier synthetic
animal datasets also support the effectiveness of synthetic
supervision. SyDog [30], SyDog-Video [32], and Digi-
dogs [31] showed that synthetic data can improve 2D, tem-
poral, and single-view 3D dog pose estimation, respectively,
although these works focus on dog-specific pose estimation
rather than general 4D animal mesh reconstruction.

We hypothesize that this principle holds for the ani-
mal domain. While recent generative pipelines have im-
proved the realism of static images [21, 23], they lack the
dynamic and environmental complexity required to learn
video-based motion reconstruction. Our work is analogous
to BEDLAM, but for animals. We introduce a high-fidelity
video-centric pipeline designed to provide the necessary
data to train robust 3D animal motion estimation models
that generalize to real-world videos.

3D Human Model Recovery from Videos. Our goal of
recovering full 3D animal motion from a monocular video
is directly informed by extensive research in the human do-
main [8, 12, 35]. The fundamental challenge is to jointly
recover both the kinematic body motion and the subject’s
global trajectory in the world space, especially when the
camera is also moving [43]. Recent human-centric meth-
ods, such as GVHMR [28] and WHAM [29], tackle this
by learning strong motion priors from large-scale Motion
Capture datasets [22] to directly regress the human’s world-
space trajectory. This approach, however, is heavily reliant
on the diversity of the training data. In contrast, TRAM
proposes a scene-centric, two-stage approach that explicitly
disentangles camera and human motion. It first utilizes a
robustified monocular SLAM [33] to estimate the metric-
scale camera trajectory by relying only on the static scene
background. This camera motion is then composed with
a temporally-refined local body motion estimate to recover
the full, world-grounded human trajectory.

This latter, scene-centric method is particularly com-
pelling for the animal domain. The animal domain lacks
the equivalent of large-scale, high-fidelity MoCap datasets.
Data scarcity of animals renders the development of robust,
prior-based trajectory regressors [28, 29] currently infeasi-
ble. We hypothesize that a decoupled approach, inspired by
TRAM [35], offers a more viable path forward. By leverag-
ing the static environment as a metric-scale reference frame
via DROID-SLAM [33], we can circumvent the need for

motion priors learned from non-existent MoCap data. Our
work investigates a two-stage strategy to recover the com-
plete 3D animal motion by disentangling the estimation of
the camera trajectory from the animal local body motion.

3. Method

Our goal is to recover the 3D animal motion, includ-
ing its global trajectory and articulated body movement,
from monocular in-the-wild videos. Our approach con-
sists of two main components. First, we develop a high-
fidelity synthetic data generation pipeline (Sec. 3.2) to pro-
duce annotated video data. This pipeline is built upon
the Skinned Multi-Animal Linear (SMAL) [47] model
(Sec. 3.1). Second, we introduce a video-based transformer
model (Sec. 3.3) that learns to reconstruct an animal global
trajectory and 3D motion by training on our synthetic data.

3.1. SMAL

Our work uses the SMAL [47], a differentiable parametric
model that maps a shape vector 5 and a pose vector 6 to a
3D animal mesh v. The model factorizes this transforma-
tion into a two-stage process. First, a mean template v; is
offset by linear blend shapes B according to /3 to create an
unposed, identity-specific shape v:

vs = v, + BBT. 6]

Second, this shaped mesh v is articulated using stan-
dard Linear Blend Skinning (LBS). This stage is driven by
the pose parameters 6, a joint regressor .J,- that defines joint
locations, and a set of skinning weights W:

v = LBS(vs, 0; W, J,.). 2)

We specifically employ the SMAL+ variant, an enhanced
model introduced in AWOL [46]. This variant is learned
from registered 3D scans, providing a more expressive 145-
dimensional shape space (3 € R14%).

3.2. Synthetic Video Generation Pipeline

To train our reconstruction model, we generate a large-scale
synthetic video dataset. Our pipeline comprises three main
components: (1) dynamic textured animals, (2) realistic 3D
scenes, and (3) diverse camera motions.

Dynamic Animal Generation. For each T-frame se-
quence, we first generate a static animal identity. Follow-
ing [23], we sample a 145-dimensional shape parameter, /3,
which remains constant for all 7" frames. This § is gen-
erated using the AWOL model from a text prompt (e.g.,
“a photo of a [adjective] [animal]”). For articulated mo-
tion, we sample a T-frame pose sequence {f;}7_, from
AnimalML3D [41], where each 6, denotes the SMAL pose
parameters at frame ¢. To generate a high-fidelity texture,
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Figure 2. WildAni4D-Gen: Synthetic Animal Video Generation Pipeline. Our generation pipeline is a fully 3D rendering system that
synthesizes realistic animal videos by combining motion sequences, SMAL-based shape and texture generation, diverse 3D scenes, and
simulated camera trajectories to produce fully annotated synthetic data.

we employ a text-to-mesh texture generation model (e.g.,
SyncMVD [19]). We use the generated SMAL mesh as the
3D template and condition the texture model with the same
text prompt used for shape generation, as shown in Fig. 2.

3D Scene Synthesis. We build our environments from
three diverse sources to ensure robustness. (1) Indoor
Scans: We utilize reconstructed 3D meshes from the Mat-
terport dataset [5]. (2) Outdoor Captures: We leverage
3DGS [14] captures of outdoor scenes from the MIP-NeRF
360 dataset [1], which we convert to textured meshes using
a reconstruction method SuGaR [10]. (3) HDRI Domes:
For unbounded backgrounds, we project a high-dynamic-
range image (HDRI) onto a large 3D dome mesh.

Camera Motion Synthesis. As part of our data genera-
tion pipeline, we simulate four distinct camera trajectories
to mimic different animal-camera motion relationships ob-
served in real-world videos: (1) Static: The camera position
and rotation are fixed. (2) Orbit: The camera translates to
approximately follow the movement of the animal while or-
biting around it (same elevation). (3) Lemniscate: The cam-
era follows a figure-eight path relative to the animal trajec-
tory. (4) Track-and-Rotate: The camera translation is fixed,
but it rotates to keep the animal in frame.

By rendering the dynamic animal within the 3D scene
using these camera motions, we generate a complete video
with corresponding ground truth 3D annotations, including
per-frame SMAL parameters, keypoints, and segmentation
masks. We render animal videos using Pytorch3D [25].

3.3. 3D Animal Motion Reconstruction

Following TRAM [35], we propose a two-stage method
to recover the animal global trajectory and body motion.
First, we estimate the metric-scale global camera motion

from the video. Second, we use this camera motion as a
reference frame for our Animal Video Transformer (AVT)
model, which regresses the animal’s kinematic motion.

Global Trajectory Estimation. = We first recover the
camera trajectory up to an unknown scale using a SLAM
algorithm. Specifically, we employ a Masked DROID-
SLAM [33] that masks out the dynamic animal, ensuring
that only static background features are used for bundle ad-
justment. To recover the metric scale, we align the relative
depth map from SLAM with a metric depth map predicted
by a metric depth estimation network (e.g., ZoeDepth [2]).
This provides a metric-scale camera trajectory {G;}71_; in
S E(3) which serves as the reference frame.

Animal Video Transformer (AVT). We introduce the
Animal Video Transformer (AVT), a transformer-based ar-
chitecture for regressing 3D animal motion from video
(see Fig. 3). Inspired by recent ViT-based mesh recovery
models [8, 37], AVT builds on a pre-trained Vision Trans-
former (ViT) backbone. In contrast to single-frame meth-
ods [8, 21, 23], AVT applies temporal modeling after the
ViT backbone, not within the decoder. Specifically, each
frame is first encoded into patch tokens by the frozen ViT
backbone, and a temporal transformer is then applied to the
sequence of tokens to learn spatio-temporal features across
frames before regression. The resulting temporally enriched
tokens are finally passed to the transformer decoder, which
predicts the motion parameters.

A key design choice of AVT is to enforce shape con-
sistency. As in our synthetic data generation pipeline
(Sec. 3.2), an animal’s shape parameter  remains constant
within a sequence. Accordingly, the regression head pre-
dicts a single sequence-level shape parameter 3, while pose
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Figure 3. Animal Video Transformer (AVT) architecture. Tem-
poral modeling is performed after the ViT backbone. The trans-
former decoder predicts frame-wise SMAL poses and translations
together with a sequence-level shape parameter.

parameters {0;}7_, and root translations {13}, are esti-
mated for each frame. This design explicitly separates iden-
tity from motion and suppresses frame-wise shape drift.

To process long videos, AVT operates on sliding tem-
poral windows of length 16 with stride 1. Each window is
processed independently, and predictions from overlapping
windows are aggregated to obtain the final per-frame out-
puts. This design allows AVT to model local temporal con-
text while remaining applicable to arbitrary input videos.

We freeze the pre-trained ViT backbone to preserve
strong visual features and train only the temporal trans-
former and decoder on our synthetic video dataset. The
model is optimized with the following objective:

L = XopLop + MpLsp + AsmarLsmar + AvLy,  (3)

where Lyp is the 2D keypoint reprojection loss, Lsp is the
3D keypoint loss, Lsmar is the loss on the regressed SMAL
parameters (B, é), and Ly is the vertex loss on the final
mesh. We set A\)p = Asp = 5 and Agmar = Av = 1.

4. Experiments

We evaluate AVT on both synthetic and in-the-wild videos.
We first describe the experimental setup, then compare
against strong per-frame baselines, and finally analyze each
component through ablations.

4.1. Experimental Setup

Datasets. We primarily evaluate on WildAni4D, our syn-
thetic dataset of 30K video sequences spanning 56 animal
species, with ground-truth SMAL parameters, 3D joint lo-
cations, and camera motion for every frame. As detailed in
Sec. 3.2, this dataset enables quantitative evaluation of tem-
poral 4D animal reconstruction. Detailed train/test splits
are provided in the supplementary material. For real-world
evaluation, where 3D ground truth is unavailable, we use
a curated set of in-the-wild videos with challenging animal
motion (Cat, Lion, and Rhino).

Evaluation Metrics. We report standard pose metrics, in-
cluding MPJPE, S-MPIJPE, and PA-MPJPE, together with
two temporal metrics. The first is acceleration error (Ac-
cel), computed as the L2 difference between the ground-
truth and predicted joint accelerations, averaged over joints
and frames. The second is shape consistency (SC), which
measures frame-to-frame variation in the predicted SMAL
shape parameters:

=
SC =7 D118 =Bl “)
t=1
Lower SC indicates more stable and physically plausible
identity estimates over time.

Although AVT predicts a sequence-level shape param-
eter within each temporal window, the shape consistency
metric can still be non-zero in practice. This is because we
process the long video using overlapping sliding windows,
and aggregating predictions from windows can introduce
small frame-wise variations in the final 3; estimates.

For in-the-wild evaluation, we adopt a reconstruction-
based protocol. We use GART [16] to reconstruct an ani-
matable 3D avatar from the input video and drive it with the
pose sequence predicted by each method. We then compare
the rendered output against the input frames using PSNR,
SSIM, and LPIPS [45]. Higher PSNR/SSIM and lower
LPIPS indicate better reconstruction fidelity.

Baselines. We compare against two strong ViT-based per-
frame animal mesh recovery methods, AniMer [21] and
GenZoo [23]. We evaluate each method in two settings.
AniMer* and GenZoo* denote the official pretrained mod-
els evaluated directly on our test set. AniMer and Gen-
Zoo denote baselines obtained by fine-tuning the models on
WildAni4D for 10,000 iterations with batch size 16, which
takes about 24 hours on a single NVIDIA 3090 Ti GPU.
For the in-the-wild reconstruction benchmark, we com-
pare Ours-tto + GART against AniMer* + GART and
GenZoo* + GART. Here, Ours-tto denotes test-time opti-
mization over pose and translation, without shape.

Implementation Details. AVT uses the HMR2.0
ViT backbone pretrained on GenZoo [23]. Following
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Figure 4. Qualitative comparison on the WildAni4D test set. We compare reconstructions across multiple frames from the same video.
The highlighted regions show that per-frame baselines exhibit pose-dependent shape drift and temporal inconsistency, whereas our method

preserves more stable body proportions and local contours over time.

Table 1. Quantitative comparison on the WildAni4D test set.
Asterisks () indicate official pretrained models. We compare pose

accuracy and temporal consistency against both official pretrained

baselines and their fine-tuned variants.

MPIPE| S-MPJPE| PA-MPJPE| Accel] Shape Consistency

AniMer* - - 79.02 55.92 0.4027
GenZoo* - - 82.78 58.75 0.2307
AniMer  123.42 81.79 5391 19.01 0.4215
GenZoo 109.23 69.66 40.35 19.37 0.4487
Ours 91.29 62.44 40.13 7.35 0.0703

TRAM [35], we freeze the ViT backbone and train the tem-
poral transformer and decoder from scratch. We train for
60,000 iterations with a sequence length of 16 and a batch
size of 12. Training takes approximately 24 hours on a sin-
gle NVIDIA 3090 Ti GPU. We use AdamW [15, 20] with
learning rates of 1 x 10~° for the decoder and 3 x 10~ for
the temporal transformer.

4.2. Comparison to Animal Mesh Recovery

Qualitative Results. Figure 4 reveals two characteris-
tic failure modes of per-frame baselines: temporal shape
drift and pose-dependent identity changes. Although all
methods process the same animal sequence, AniMer* and
GenZoo* produce visibly inconsistent body proportions
across Frames 0, 7, and 14. This is particularly evident in
the zoomed regions, where the local silhouette and body

Input AniMer* + GART Genzoo* + GART Ours-tto + GART

on

Figure 5. Qualitative results on the in-the-wild dataset. We
optimize GART using the pose predictions of each method and
render the resulting avatar to the target frame. The colored boxes
highlight that our method better matches the ground-truth pose,
particularly in local body orientation and limb configuration.

thickness vary from frame to frame, even though the un-
derlying animal identity should remain fixed throughout the
video. As a result, the reconstructed animal appears to
change its shape as the pose changes, indicating insuffi-
cient disentanglement between pose and shape. In contrast,
our method preserves a much more stable body shape over
time, maintaining consistent overall proportions and local
contours while still capturing large articulated motion. This
visual stability suggests that our sequence-level shape mod-



Table 2. Quantitative results on the in-the-wild dataset. We report
photometric and perceptual metrics on rendered target views.

Data Method PSNRT SSIM1 LPIPS |
AniMer* + GART 18.39 0.8186 0.2243
Cat GenZoo™ + GART 18.03 0.8154 0.2568
Ours + GART 17.97 0.8203 0.2460
Ours-tto + GART 18.60 0.8256 0.2231
AniMer* + GART 15.52 0.8516 0.2657
Lion GenZoo™ + GART 16.80 0.8680 0.2134
Ours + GART 16.40 0.8664 0.2314
Ours-tto + GART 17.83 0.8395 0.2049
AniMer* + GART 14.99 0.7426 0.2614
Rhino GenZoo™ + GART 11.05 0.6576 0.4499
Ours + GART 12.94 0.7014 0.3427
Ours-tto + GART 16.31 0.7678 0.2439

eling effectively suppresses frame-wise identity drift and
yields temporally coherent 4D reconstruction.

Quantitative Results. Table 1 shows that our method
achieves the best overall performance. Relative to the
strongest fine-tuned baseline, it reduces Shape Consistency
from 0.4215 to 0.0703 and Accel from 19.01 to 7.35, while
also improving S-MPJPE and PA-MPJPE. These results in-
dicate that enforcing sequence-level shape consistency sub-
stantially improves temporal stability.

4.3. Comparison to Animatable Reconstruction

Although AVT enables controlled evaluation of temporal
consistency, real-world validation remains important. Since
3D ground truth is unavailable for in-the-wild videos, we
evaluate the utility of the predicted pose sequences in a
downstream animatable reconstruction setting using GART.

Qualitative Results. Figure 5 shows that the quality of
animatable reconstruction strongly depends on how accu-
rately the predicted pose drives GART. Since GART renders
the reconstructed avatar using the estimated pose sequence,
better pose estimation should produce renderings that more
faithfully match the target frame. In the examples shown,
AniMer* + GART and GenZoo* + GART exhibit notice-
able pose misalignment, highlighted by the red and yel-
low boxes, including inaccurate torso orientation and limb
placement for the Cat, leg configuration errors for the Lion,
and mismatched local pose details for the Rhino. In con-
trast, Ours-tto + GART more faithfully reproduces the tar-
get pose and yields renderings that are visually closer to the
ground-truth frame. These results suggest that the improved
pose accuracy of our method provides a stronger motion
signal for downstream animatable reconstruction.

Quantitative Results. Table 2 shows that Ours-tto + GART
achieves the strongest overall performance across the three

Table 3. Ablation study. Contribution of each architectural com-
ponent. We analyze the effect of temporal modeling and sequence-
level shape regression on pose accuracy and temporal stability.

MPIPE| S-MPJPE| PA-MPJPE| Accel] Shape Consistency.

AVT-a 109.23 69.66 40.35 19.37 0.4487
AVT-b 95.71 62.36 40.51 19.21 0.5657
AVT (Ours) 91.29 62.44 40.13 7.35 0.0703

sequences, especially in PSNR and LPIPS, while remain-
ing competitive on SSIM. These trends are consistent across
Cat, Lion, and Rhino, indicating that the improved tempo-
ral stability of our pose estimates generally benefits down-
stream animatable reconstruction in in-the-wild videos.

4.4. Ablation Studies on Animal Mesh Recovery

We analyze the contribution of each component in Ta-
ble 3. AVT-a is the HMR2.0 ViT architecture retrained on
WildAni4D. It already provides reasonable pose accuracy
but suffers from large temporal error and severe shape in-
stability. AVT-b adds a temporal transformer, which im-
proves pose estimation but further worsens shape consis-
tency. This shows that temporal modeling alone does not
solve the identity-drift problem. In contrast, adding the
sequence-level shape regressor reduces Shape Consistency
from 0.5657 to 0.0703 and Accel from 19.21 to 7.35, while
also improving MPJPE and PA-MPJPE. These results show
that the sequence-level shape constraint is the key compo-
nent for stable 4D animal reconstruction. Additional abla-
tions are provided in the supplementary material.

4.5. Applications

Our method enables several practical downstream applica-
tions built on temporally consistent 4D animal reconstruc-
tion, as illustrated in detail in Fig. 6. In particular, the recov-
ered motion can be used for pseudo-GT annotation, animat-
able animal reconstruction, and text-to-motion generation.

Pseudo-GT Annotation. AVT provides stable initial-
ization for unlabeled in-the-wild videos. By fixing the
sequence-level shape and optimizing only pose and trans-
lation with 2D keypoints, we obtain temporally coherent
pseudo-ground-truth motion suitable for motion annotation.

Animatable Animal Reconstruction. Our predictions
can be used to optimize explicit animatable models such
as GART, yielding controllable 3D animal avatars. This
provides a practical interface between monocular 4D ani-
mal reconstruction and downstream animation pipelines: a
video can be converted into a pose-driven 3D animal rep-
resentation that can be replayed, edited, and rendered from
new viewpoints. Such a representation may serve as a use-
ful starting point for future animatable animal modeling and
content creation systems.
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Figure 6. Applications of WildAni4D. Our reconstructed 4D animal motions enable multiple downstream applications, including pseudo-
GT annotation, animatable animal reconstruction, and text-to-motion generation. Left: AVT provides temporally coherent initialization
that can be further refined for pseudo-GT annotation. Middle: AVT predictions can be used to optimize GART and obtain controllable,
animatable 3D animal avatars. Right: AVT can lift text-to-video generations into plausible 3D animal motion sequences.

Text-to-Motion. AVT can also lift generated animal videos
into plausible 3D motion sequences. In particular, by gener-
ating a video from a text prompt using a text-to-video model
such as GOOGLE VEO3 [9] and then applying AVT, we
obtain a text-conditioned 3D motion sequence without re-
quiring manual 3D annotation. This suggests a promising
direction for building text-motion paired animal datasets at
scale, which could support future research on animal mo-
tion generation, retrieval, and text-conditioned animation.

5. Conclusion and Discussion

In this work, we propose WildAni4D, a unified framework
for 4D animal mesh reconstruction from monocular in-the-
wild videos. WildAni4D combines a scalable synthetic
video generation pipeline with a temporally aware recon-
struction model for temporally coherent and metric-scale re-
covery of animal motion. The synthetic pipeline generates
realistic annotated training videos with dynamic textured
animals, diverse 3D scenes, and simulated camera trajec-
tories. The reconstruction model disentangles camera mo-
tion from animal motion and enforces sequence-level shape
consistency for stable 4D reconstruction over time. Exper-
iments on synthetic and in-the-wild videos show improved
pose accuracy and temporal stability over per-frame base-
lines. WildAni4D also supports downstream applications,
including pseudo-ground-truth annotation, animatable ani-
mal reconstruction, and text-to-motion generation.

Limitations. Our framework relies heavily on synthetic su-
pervision for 4D animal motion reconstruction. Synthetic
data cannot fully reflect the visual complexity, motion diver-
sity, and capture conditions of real-world animal videos. As
a result, the model may struggle to generalize under chal-
lenging in-the-wild scenarios that deviate from the training
distribution. We plan to reduce this gap by developing more
realistic and diverse training data and by improving gener-
alization to real-world videos.
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