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”A black boar aggressively 
charges the camera.” 

”A deer lowers its head 
to the ground.” 

”A cow trots forward 
on a grassy field.”

“A zebra turns its head to the left 
and then resumes walking forward.”

Fig. 1: Our framework takes an animal image and a text description of the desired
motion as input, and generates a 3D animated mesh sequence of the animal. This
is achieved by a animal motion generation model trained using 3D motion sequences
extracted from large-scale in-the-wild video, in conjunction with an automatic rigging
process to produce a fully animated mesh.

Abstract. Understanding animal motion is fundamental to modeling
animal behavior and biomechanics, yet progress in this area lags far be-
hind human motion research due to the scarcity of high-quality motion
data. While human motion can be captured in controlled environments, it
is impractical for most animal species, resulting in small, domain-limited
datasets that restrict downstream applications such as animation. To ad-
dress this challenge, we introduce Kirin, a framework that reconstructs
motion from video, learns motion priors at scale, and generates realistic
motion that can be directly applied to animated assets. Using large col-
lections of in-the-wild animal videos, we reconstruct 3D motion sequences
and pair them with captions to create AiM3D, the first large-scale dataset
offering aligned video-text-motion tuples for quadruped animals. Build-
ing on this dataset, we develop a visual-guided motion generation model

⋆ Equal contribution.
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that conditions on both text and image to guide the generation of re-
alistic motion across diverse animal species. Finally, by leveraging an
off-the-shelf image-to-3D model, we automatically rig and animate 3D
meshes using generated motion, producing ready-to-render animated an-
imals. Together, our dataset and framework establish a new foundation
for large-scale, text and image conditioned animal motion generation and
animation. Project page: https://kirin-ani.github.io/.

1 Introduction

“Elsewhere we have investigated in detail the movement of animals. . .
there remains an investigation of the common ground of any sort of
animal movement whatsoever.”

Aristotle, On the Motion of Animals

Understanding how animals move in their natural habitats is a fundamen-
tal scientific challenge, with implications for studying behavior in biology and
ecology, and for building more generalizable motion models in computer vision.
Yet, compared to human motion, animal motion modeling remains vastly un-
derexplored, primarily due to the lack of large-scale, high-quality motion data.
For humans, motion capture technologies have led to large-scale precise 3D mo-
tion datasets, enabling rapid progress in 3D human modeling, animation, and
generation. However, it is challenging to capture animal motion in controlled lab-
oratory settings at scale, and impractical for wild or endangered species. This
data scarcity has become the main bottleneck preventing progress in animal
motion research.

One common solution is to rely on human crafted motion data. Previous
efforts such as DeformingThings4D [19] and Truebones Zoo [39] include ani-
mal motions manually created by computer graphics artists, while AniMo [41]
extracts motion sequences from video games that are similarly authored by hu-
man designers and animators. Although these datasets provide high quality and
physically consistent motion, they are inherently constrained to a limited set
of predefined actions such as walking, eating, or sleeping, and therefore fail to
capture the full diversity and natural variability of animal behaviors observed in
the wild.

On the other hand, the Internet offers an abundance of in-the-wild animal
footage capturing diverse species, behaviors, and environments, far beyond what
controlled datasets can provide. Meanwhile, recent advances in 3D reconstruction
and shape estimation from monocular images and videos have made it possible
to recover 3D structures from unstructured video data. Together, these develop-
ments open a new opportunity: Can we learn realistic, generalizable models of
animal motion directly from in-the-wild videos?

Several prior works have explored this direction and made notable progress.
Ponymation [37] extends MagicPony [44] to learn an unconditional generative
model of 3D motion from videos of a single horse category. AiM [54] presents a

https://kirin-ani.github.io/
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large scale dataset of animal videos from the Internet spanning 23 quadruped
categories, but does not attempt to learn a generative model of their underlying
motions.

In this paper, we present Kirin, a comprehensive framework for learning
and generating 3D quadruped motion directly from large-scale video data. Our
pipeline begins by enhancing existing 3D reconstruction methods to recover ac-
curate and temporally smooth motion sequences from videos. Leveraging the
AiM dataset, we develop a SMAL-based [58] 3D motion reconstruction system
that produces consistent and realistic motion trajectories. Each reconstructed se-
quence is further paired with descriptive textual annotations generated by VLMs,
resulting in the first large-scale dataset containing aligned text–video–motion tu-
ples for quadruped animals.

To fully exploit the visual and semantic cues in this dataset, we introduce a
novel adaptation of MDM [38], which yields an animal motion generation model
capable of conditioning on both text and visual input. Unlike prior approaches
that rely on manually designed or synthetic motion data, our method learns di-
rectly from in-the-wild videos, capturing a broader and more diverse spectrum of
natural animal motion. Experimental results show that our dataset and genera-
tion model achieve state-of-the-art performance on both our test set and external
out-of-distribution test sets, establishing a scalable foundation for data-driven
animal motion modeling.

Furthermore, by leveraging off-the-shelf image-to-3D generation tools [52],
Kirin can automatically rig the generated 3D mesh and apply the generated
motion to produce realistic animated 3D mesh sequences. Comparisons show
that our animation method produces more plausible 3D motion sequences com-
pared to baseline approaches, while being more efficient. In summary, our work’s
contributions are as follows:
– We enhance state-of-the-art 3D animal pose reconstruction methods for

video-based reconstruction and create AiM3D dataset, a large-scale animal
motion dataset with aligned text, video, and motion data.

– We propose the first animal motion generation model, conditioning on both
text and image input.

– Experiments demonstrate that training on our dataset with visual condi-
tioning achieves state-of-the-art results on both in-distribution and external
out-of-distribution test sets, highlighting the effectiveness of our dataset and
model.

– In conjunction with a text-to-3D model, we present a fully automatic system,
Kirin, that turns a 2D image into a realistic 3D animated mesh sequence,
outperforming existing 4D animation methods.

2 Related Works

2.1 Animal Motion Datasets

A major obstacle in animal motion generation is the lack of high quality motion
data. Unlike humans, whose movements can be captured in controlled labora-
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Fig. 2: Left: Overview of Kirin generation pipeline. A text description and an
image are provided as inputs. The text and image are used for motion generation, while
the image is also used to generate a T-posed mesh. The animation module then rigs
the generated motion onto the mesh to produce the final animated 3D model. Right:
Overview of the motion generation architecture. Text features are extracted
using a frozen DistilBERT encoder, and image features are extracted using a frozen
DINOv3 encoder. The text, image, and denoising step embeddings are combined and
fed into a transformer decoder with cross-attention to generate motion sequences.

tory environments, most animal species cannot be brought into motion capture
facilities and rarely behave naturally under such conditions. Their wide variety
of anatomies and behaviors also makes standardized capture difficult.

Existing motion capture datasets collected in controlled settings [10, 33, 59]
cover only a few species and offer limited ecological validity. Other efforts rely on
artist created or human adapted motion data [19,39,41,50], which are expensive
to produce and introduce a significant domain gap.

Learning animal motion directly from videos is promising, but current data
remains insufficient. BADJA [5] has only 11 sequences with 3D pose. AnimalK-
ingdom [22] provides single image pose without motion. COP3D [35] contains
mostly orbit shots of stationary pets and is limited to common categories such
as cats and dogs. APT-36K [49] offers only fifteen frame clips, providing limited
motion. Even the largest dataset, AiM [54], contains nearly 30k videos but still
lacks 3D motion.

To address these limitations, we build upon AiM by reconstructing SMAL
based 3D pose from video to obtain high quality motion sequences. We also use
a vision language model to generate multiple behavior aware text descriptions
for each clip, resulting in about 30k motion sequences paired with about 180k
captions. To the best of our knowledge, this is the first large scale animal motion
dataset with aligned video, motion, and descriptions for diverse animal species.

2.2 3D Animal Reconstruction

Many works estimate 3D or 4D animal shape and pose from single images
or videos, using either model-based or model-free approaches, and either feed-
forward or optimization-based pipelines.

Model-based methods such as ABM [2], SMAL [58], and their extensions
[3–5, 17, 29, 30, 42, 55–57] optimize a parameterized mesh to fit 2D labels such
as masks or keypoints. These optimization-based methods often overfit to 2D
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projections and may yield unnatural 3D geometry. More recent systems [21, 31]
leverage SMAL to create image–3D paired data and enable feed-forward infer-
ence, reducing 3D inconsistencies with only minor loss in per-frame projection
accuracy.

Model-free methods [1,9,14,15,18,23,43,44,51] learn shape directly from large
datasets and provide flexible feed-forward predictions, but typically lack explicit
skeletal structures, which limits their suitability for reconstructing articulated
motion. Similarly, generic 3D and 4D reconstruction frameworks [26, 28, 47, 48]
can recover animal shape but do not supply consistent skeleton definitions.

Given these limitations, and since our goal is accurate skeletal motion rather
than perfect shape, we adopt AniMer [21] as initialization, which uses SMAL
model trained on 3D dataset, providing universal skeleton and at the same time
avoiding unnatural 3D poses.

2.3 Animal Motion Generation

Although large scale data for animal motion generation remains limited, several
recent works have begun exploring this direction. OmniMotionGPT [50] com-
pensates for data scarcity by combining human motion prior with small human
crafted animal motion datasets to transfer motion knowledge. AniMo [41] trains
a two stage RVQ [16] model on artist made motion sequences extracted from
video games to produce plausible synthetic motion.

Other efforts target different settings. SinMDM [24] learns motion motifs
from a single motion example using a diffusion model with a restricted receptive
field, but it does not generalize beyond the given exemplar. Puppeteer [36] and
MotionAvatar [53] animate auto rigged meshes by matching or applying gener-
ated motion, yet both rely on synthetic motion sources rather than real world
video.

The closest work to ours is Ponymation [37], which collects online horse
videos and reconstructs 3D motion using the MagicPony [44] pipeline. However,
their VAE based [12] model is unconditional and limited to a single species.
In contrast, our work builds on Animal in Motion [54] to construct a large
scale dataset spanning twenty three quadruped categories with paired videos
and descriptive text. While Ponymation uses images only for textured mesh
inference, our model conditions motion generation directly on both text and
images. We adopt MDM [38] as our backbone and extend it with an image
conditioning branch to learn motion synthesis grounded in visual context.

3 Method

Our method, Kirin, consists of three components: (1) given an animal video
dataset, we first reconstruct motion from each clip to build a large-scale animal
motion dataset; (2) using this dataset, we train a motion generation model; and
(3) leveraging an image-to-3D module and an auto-rigging pipeline, we generate
an animated 3D mesh based on user-provided text and image inputs. See Fig. 2
for our generation framework overview.
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3.1 Extracting Animal Motions from Web Videos

Our goal is to recover accurate, temporally coherent 4D animal motions from
in-the-wild web videos. To improve optimization stability and reconstruction
quality, we decouple global translation estimation from local pose reconstruc-
tion, which allows the model to focus on optimizing fine-grained articulated
motion without being affected by global displacement or noisy motion cues
present in uncontrolled video data. Starting from a large collection of animal
clips in the AiM dataset [54], we re-estimate per-video 3D body pose using a
new SMAL-templated pipeline designed for robust projection alignment and ef-
ficient refinement. SMAL is a general parametric template for quadrupeds with
shape coefficients β ∈ R41, pose parameters θ ∈ R35×3, and a skinned mesh
articulated by J=35 joints. We leverage AniMer [21] for per-frame initialization
and perform sequence-level refinement to enforce tighter keypoint alignment and
temporal smoothness. Global translation is estimated separately using Spatial-
TrackerV2 [45], an off-the-shelf 3D point tracking model, and is later combined
with the optimized pose sequence to recover the complete global 4D motion.
Initialization. Each video in the dataset contains a single animal per frame
by construction. For each frame It, we use precomputed instance masks Mt

from Grounded-SAM2 [25, 27] and 2D keypoints Pt from ViTPose++ [46]. We
obtain per-frame initial estimates using Animer [21]: {(β(0)

t , θ
(0)
t , π

(0)
t )}Tt=1, with

π
(0)
t = (K,Et), where: (i) β

(0)
t ∈R41 are shape coefficients of SMAL, (ii) θ

(0)
t ∈

R35×3 are joint poses in axis–angle (35 joints), and (iii) π
(0)
t = (K,Et) is a

weak-perspective camera with fixed intrinsics K = diag(f, f, 1) (f=1000) and
translation Et ∈ R3. We initialize a sequence-shared shape β(0) = 1

T

∑
t β

(0)
t ,

convert poses to 6D r
(0)
t ∈R35×6, and keep cameras fixed.

Objective. We optimize the sequence-shared shape β and the per-frame 6D
joint rotations {rt}Tt=1, while keeping the cameras fixed. We convert the 6D
rotations to rotation matrices Rt ∈ SO(3)35 using the standard 6D-to-SO(3)
mapping ρ(·), where Rt = ρ(rt). The optimization objective is:

min
β,{rt}

L = λprojLproj + λsmoothLsmooth

Lproj =

T∑
t=1

∥∥(k̂t − kt)⊙wt

∥∥
1∑

wt + ε
,

Lsmooth =

T∑
t=2

d2SO(3)(Rt−1,Rt)

+ α

T∑
t=3

d2SO(3)(R
⊤
t−1Rt,R

⊤
t−2Rt−1).

(1)

Here k̂t are SMAL keypoint projections aligned to 2D keypoint indices, wt are
confidence×visibility weights from Pt and Mt, and dSO(3) denotes the geodesic
distance summed over all joints.
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Optimization details. We optimize with Adam [11] on the sequence-shared β
and all per-frame 6D rotations with a learning rate η = 0.001 for a total epochs
K = 20. We evaluate projections with the known intrinsics K and translations
Et, and compute visibility by sampling Mt at ground-truth keypoint locations to
attenuate occluded or off-canvas points. We set λdata = 1.0, λsmooth = 100.0, α =
0.2, ϵ = 10−6 throughout our experiments, which yields an average runtime of
<1s/frame on an NVIDIA A40 GPU.
Why this matters? Sequence-level refinement converts strong but noisy frame-
wise predictions into temporally stable, pixel-aligned 3D motions, which we find
essential for high-quality generation (see Sec. 4.2 for comparisons with Ani-
mer [21] and 4D-Fauna [54]).
Global Translation. The aforementioned methods operate on center-cropped
videos in which the animal remains centered, allowing the model to focus solely
on skeletal pose estimation. To recover global motion, we apply an off-the-shelf
3D point tracker [45] to the original uncropped video and estimate the animal’s
global translation by averaging the 3D trajectories of tracked points on the body.
We then determine the scaling factor of global translation by aligning the animal
size in 3D tracker coordinates and SMAL joints coordinates. Specifically, we
first estimate the global translation of the animal from the tracker predictions,
denoted as Ttracker. At each time step t, the global translation is computed as
the mean of the tracked 3D points:

T
(t)
tracker =

1

|P|

|P|∑
i=1

p
(t)
i , (2)

where P = {pi} denotes the set of tracked 3D point trajectories in world coor-
dinate. The points are initialized by uniformly sampling a 10 × 10 grid on the
first video frame and retaining only those located within the animal mask. The
3D trajectories pi(t) are then obtained from the tracker outputs. To improve
the stability of the tracker outputs, we further post-process the estimated 3D
trajectories by smoothing the camera motion, aligning the reconstructed scene
with a consistent ground plane, correcting residual translation drift using tracked
ground points, and applying temporal smoothing to the recovered motion before
estimating the animal’s global translation. To align the scale of the global trans-
lation predicted by the tracker, we further rescale Ttracker to match the physical
scale of the SMAL skeleton:

Tsmal = s ·Ttracker, (3)

where the scale factor s is defined by matching the size of the square crop in
tracker coordinates (stracker) with the head-to-tail distance of the SMAL skeleton
(ssmal). The detailed formula to determine s is left in the supplementary.
Dataset. We extract 3D motion for all video clips available in [54], yielding
29,979 motion sequences. Following their benchmark subset, we use the 230
sequence as test split, and the rest of 29,749 sequences as training split. In
addition, we leverage Gemini 2.5 Flash [6] to infer 6 textual descriptions per
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video input, resulting in 179,874 textual descriptions. We show example data in
the supplementary material.
Data Validation. Following AiM [53], we report reconstruction metrics in main
paper Table 3. Here we present human validation of motions and captions for
100 samples randomly selected from the test split. We consider a motion to be
satisfactory if, when viewed from all angles, the motion is physically plausible
with no unnatural poses, movements, or noticeable side bending of body parts,
and the motion is as smooth as observed in the original video, with no percep-
tible jitter. Among 100 samples, 86 reconstructions are considered satisfactory.
The most common failure cases arise from pure top, front, or back-view videos
of moving animals, where legs are either invisible or occluded, resulting in miss-
ing leg motion in the reconstruction. Other failure cases include extremely fast
animal movements or unstable camera motion in videos, which cause jitter in
the reconstruction. We evaluate captions using a scoring protocol: (0) none of
the captions correctly describes the motion; (1–2) only some captions are cor-
rect; (3) all captions correctly identify the action type but contain minor errors
(e.g., direction or speed); (4) all captions are correct but lack diversity; and (5)
all captions are correct and cover multiple levels of detail. Among 100 samples,
the average caption score is 4.62, indicating that the captions are generally ac-
curate and diverse. None of the samples received a score of 0 or 1. 3 samples
contain some captions with incorrect action (e.g., a walking video described as
standing still). 7 exhibit minor errors, such as incorrect turning direction (e.g.,
left vs. right), often due to ambiguity in camera vs. animal perspective. The
remaining 90 samples have all correct captions, among which 75 include highly
diverse descriptions for the same video. We also show R-precision scores using
InternVideo2 and compare with AnimalKingdom video grounding annotations.
Ours shows higher scores meaning that our caption is more accurate compared
to AnimalKingdom annotations. Overall, we expect our dataset to contain 86%
accurate motion reconstructions and 90% correct caption samples.

3.2 Image-Conditioned Motion Diffusion

For animals, text alone is often underspecified: species, breed, size, shape, coat,
and viewpoint all affect feasible kinematics, yet are rarely captured in a short
prompt (e.g., a “dog trotting” could be a tall greyhound or a stocky corgi).
We therefore add an image pathway to ground motion in visible morphology
and scene context, yielding shape-aware, species-aware motion. We use images
rather than videos as input, since videos would inject clip-specific motion and
limit generalization, whereas images are easier to obtain and let the model learn
motion priors pooled across all videos.
Architecture. Inspired by [8], we introduce a separate branch for image condi-
tioning on a backbone model. Building on a variation of MDM [38] with Distil-
BERT [32] text encoder and transformer decoder [40] architecture, we introduce
an additional conditioning stream for image and fuse it with text and timestep
conditions by simply adding them after linear projection to align feature dimen-
sion. An off-the-shelf frozen DINOv3 [34] image encoder produces a global image
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feature zimg ∈ R1×d; DistilBERT yields text tokens ztext ∈ Rl×d, and timestep
embedding zt ∈ R1×d. The addition is performed by broadcasting and sum-
ming zimg, ztext, and zt, resulting in a combined conditioning feature zc ∈ Rl×d,
where l denotes the number of text tokens and d is the feature dimension of the
transformer decoder. This is then injected at every block of transformer decoder
for cross-attention with the motion sequence. All other details we follow the
implementation of MDM.
Training and sampling. We use classifier-free guidance with per-modality
dropout: independently drop text or image with probabilities qtext = 0.2 and
qimg = 0.2 during training. Following [38], we optimize the standard noise-
prediction objective for diffusion. Let x0 ∈ RT×D be the motion where D is
the dimension of the joint representation, xt = αtx0+σtϵ with ϵ ∼ N (0, I), and
Gθ the denoiser conditioned on zc:

LDDPM = Ex0,c,t,ϵ

∥∥ϵ− Gθ(xt, t, zc)
∥∥2
2
. (4)

At inference we support text-only, image-only, and text+image inputs. Guided
sampling uses CFG:

Gcfg(xt|t, c) = G(xt|t, c) + g[G(xt|t, c)− G(xt|t,∅)] , (5)

where c is the fused text–image code and g is the guidance scale. This MDM-
compatible fusion yields motions that respect the textual action while conform-
ing to the animal morphology provided by the image.

3.3 Applying Motions to Generated Assets

To animate the generated motions on a 3D asset, we reconstruct a textured
mesh from a single reference image using an image-to-3D model (Rodin [52]),
yielding a T-pose mesh M = {V,F}. We then retarget the generated motion to
this asset in three steps: (i) SMAL template fitting to recover the asset’s mesh-
specific shape and bind-pose offsets; (ii) skinning-weight transfer from the fitted
SMAL to M; and (iii) linear blend skinning (LBS) to deform M per frame with
the generated joint transforms.
SMAL template fitting. The generated T-pose asset is not guaranteed to
match SMAL’s canonical rest pose. We therefore estimate joint rotations that
align SMAL to the asset and recover mesh-specific shape. Let Vsmal(β,θbind)
be SMAL vertices posed by per-joint rotations θbind. We solve

min
β, θbind

λch Dch
(
Vsmal(β,θbind), V

)
+ λe Eedge, (6)

where Dch is bidirectional Chamfer and Eedge preserves edge lengths on the
SMAL topology. This yields mesh-specific parameters β̂ and per-joint “bind” ro-
tations θ̂bind. The latter define the inverse-bind corrections Bj :=FKj(β̂, θ̂bind)
used for animation, where FKj(β,θ) ∈ SE(3) denotes the global forward-kinematics
transform of joint j under SMAL.
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Skinning transfer. SMAL provides LBS weights Wsmal∈RNsmal×J . For each
asset vertex v ∈ V we compute weights by k-NN interpolation from fitted SMAL
vertices Ṽ:

w(v) =
∑
i∈Nk

α̂i Wsmal[i, :],

where α̂i =
αi∑

j∈Nk
αj

, αi =
1

∥v − ṽi∥22 + ε
.

(7)

We choose k = 10, ϵ = 1e− 8 in all of our experiments.
Animation. For each frame t, MDM codes xt are converted to target joints
Ĵt and we fit SMAL parameters (β′,θt) by joint matching. With transferred
skinning weights wj(v), we use standard LBS in homogeneous form. Let ṽ =
[v; 1], Gj,t = FKj(β

′,θt)∈SE(3) be the per-frame global joint transform, and
Bj = FKj(β̂, θ̂bind) the bind transform. Then

ṽt =

J∑
j=1

wj(v)
(
Gj,t B

−1
j

)
ṽ. (8)

This yields textured, rigged assets driven by our synthesized animal motions.

4 Experiments

Table 1: Comparison with baselines on AiM3D test set. Methods are evaluated
using metrics from [7], with top results in red (best) and blue (second-best). We report
each metric’s average and 95% confidence interval, based on 10 evaluations.

Methods R-Precision ↑ FID ↓ MM-Dist ↓ Diversity ↑ MModality ↑
Top-1 Top-2 Top-3

Ground-Truth 0.113±.002 0.206±.003 0.281±.003 0.004±.001 5.517±.008 3.934±.076 -

AniMo (AniMo4D [41] data) 0.029±.001 0.059±.001 0.089±.001 30.043±.086 8.564±.007 3.713±.055 3.723±.009

AniMo (AiM3D data) 0.029±.001 0.058±.001 0.088±.002 30.516±.072 8.659±.007 3.800±.060 3.720±.008

Kirin (ours, text) 0.032 ±.001 0.065 ±.001 0.097 ±.001 11.889 ±.024 7.007 ±.003 4.693 ±.071 4.609 ±.011

Kirin (ours, image) - - - 25.089±.055 - 1.761±.034 5.804±.029

Kirin (ours, text + image) 0.043 ±.001 0.087 ±.001 0.130 ±.002 6.248 ±.014 6.218 ±.004 4.319 ±.093 4.272 ±.017

Table 2: Comparison with baselines on AnimalML3D [50] data. Best results
are shown in red.

Methods R-Precision ↑ FID ↓ MM-Dist ↓ Diversity ↑ MModality ↑
Top-1 Top-2 Top-3

Ground-Truth 0.964±.028 1.000±.000 1.000±.000 0.235±.080 1.709±.084 11.778±.874 -

AniMo (AniMo4D [41] data) 0.031±.001 0.062±.001 0.093±.001 150.671±.0.913 17.171±.052 5.152±.126 5.159 ±.023

AniMo (AiM3D data) 0.031±.001 0.061±.001 0.093±.001 155.687±0.739 12.334±.069 4.571±.077 4.579±.015

Kirin (ours) 0.039 ±.001 0.076 ±.001 0.111 ±.001 138.145 ±.725 12.128 ±.003 5.152 ±.057 5.126±.020

Baselines. Motion generation: We compare against against AniMo [41], which
is, to our knowledge, the only publicly available method tailored for text-driven
animal motion generation. We compare with AniMo trained on ours dataset and
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on their original AniMo4D dataset. We report our text-only and text+image
setting to show that visual conditioning further stabilizes pose and style. Mesh
animation: We qualitative compare with Puppeteer [36], a recent pipeline that
also accepts text and image inputs to produce animated animal meshes. For a fair
comparison, we use the same text, image, and generated T-posed mesh inputs
for both methods, and follow Puppeteer’s setup by employing Kling AI [13] as
the video generation module.

Datasets. For motion evaluation, we evaluate on two animal motion datasets.
We first show results on AiM3D, which is our reconstructed motion dataset using
videos from AiM [54]. We use their cleaned benchmark data as test split, which
has 230 motions, and we exclude them from training set. The same benchmark
is also used for quantitatively evaluate motion reconstruction. Following [41], we
also show results on AnimalML3D [50], which is an external out-of-distribution
test set that none of the methods has trained on. AnimalML3D contains 1,260
hand-crafted motions curated from DeformingThings4D [19].

Metrics. For motion generation, we follow standard text-to-motion evaluation
[7]: (1) R-Precision: text-motion retrieval accuracy in top-k accuracies; (2)
FID: Fréchet distance between generated and real motion distributions; (3)
MM-Dist: distance in a shared text-motion latent space; (4) Diversity: average
pairwise distance between independently sampled motions; (5) Multimodality:
variance among multiple motions generated from the same text.

For motion reconstruction, we follow the metrics described in [54]: For eval-
uating 4D animal reconstruction, we use the following metrics: (1) Silhouette
IoU: IoU between the rendered silhouette and the ground-truth mask; (2) PCK:
percentage of projected keypoints that fall within a normalized distance thresh-
old; (3) KT: PCK error after a 2D-to-3D-to-2D re-projection to a novel view,
used as a proxy for 3D shape consistency; (4) MPJVE: average error between
predicted and ground-truth joint velocities in projected pixel space to evaluate
temporal motion.

4.1 Quantitative Results on Motion Generation

For each text in the evaluation dataset, we generate 10 motion samples and
repeat the evaluation over 10 trials. We report the mean and 95% confidence
interval across trials, as shown in Tab. 1. We evaluate four configurations: the
baseline model trained on its original data AniMo4D [41], the baseline retrained
on our dataset, and our model in two variants—(1) trained with both image and
text conditioning, and (2) trained and evaluated with the image branch disabled
(text-only).

As shown in Tab. 1, both of our variants outperform the baseline across all
metrics. Retraining the baseline on our dataset already leads to a improvement,
demonstrating the quality of text and motion quality of our newly constructed
dataset. The text-only version of our model further surpasses the baseline trained
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on the same data, indicating that our architecture and method models the mo-
tion more effectively. Incorporating image conditioning yields additional gains
on most metrics, achieving the best overall fidelity and text–motion alignment,
producing motions that are both semantically coherent and visually plausible.
Together, these results validate the effectiveness of both our dataset and our
model design, highlighting the benefit of integrating textual and visual signals
for animal motion generation.

To further demonstrate the generality and quality of our dataset, we evaluate
on an external test-only dataset, AnimalML3D [50], where neither our models
nor the baselines have been trained. We compare our methods trained on our
dataset against AniMo trained on AniMo4D [41]. As shown in Tab. 2, our mod-
els outperform the baseline across all metrics, confirming that training on our
dataset leads to better generalization and higher-quality motion modeling, even
on unseen data.

4.2 Quantitative Results on Reconstruction

Table 3: Benchmark comparison of 4D animal reconstruction methods. Our
method maintains nearly real-time processing speeds comparable to feed-forward ap-
proaches [20,21], while achieving improved performance across all evaluation metrics.

Method IoU ↑ PCK@0.1 ↑ PCK@0.05 ↑ KT-PCK@0.1 ↑ KT-PCK@0.05 ↑ MPJVE ↓ Time ↓

SMALify [4] 0.867 0.954 0.787 0.623 0.372 0.023 ∼ 30s/frame
4D-Fauna [54] 0.814 0.664 0.317 0.418 0.193 0.044 ∼ 30s/frame

AniMer [21] 0.677 0.537 0.199 0.566 0.256 0.038 < 1s/frame
3D-Fauna [20] 0.670 0.470 0.177 0.329 0.130 0.058 < 1s/frame

Kirin (ours) 0.698 0.751 0.485 0.614 0.332 0.037 < 1s/frame

Following [54], we evaluate our motion reconstruction method on their bench-
mark, with results shown in Tab. 3. Among the baselines, AniMer [21] and
3D-Fauna [20] are feed-forward methods that operate in near real time, while
SMALify [4] and 4D-Fauna [54] are optimization-based approaches that require
significantly longer computation time to fit each sequence. Although our method
includes a post-optimization step after feed-forward inference, it still achieves
processing speeds comparable to feed-forward baselines, while simultaneously
improving both projection-based and 3D-aware metrics. These results demon-
strate that our reconstruction method is both accurate and efficient, making it
suitable for large-scale data processing.

4.3 Qualitative Results

We qualitatively compare our motion generation results with AniMo [41] as
the baseline and observe several notable failure cases in the baseline outputs. As
shown in Fig. 3, in the first example, the baseline fails to follow the text input and
produces an unrealistic walking motion, while our method successfully generates
a coherent walking sequence that naturally turns left. In the second example,
the baseline misinterprets the text prompt “rearing up,” generating a lying-down
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Input Prompts

AniMo

Ours”A pig walks slowly 
to the right.” 

”A horse rears up then 
land on all fours.” 

AniMo

Ours

”A cat shifts its 
weights to sit down.” 

AniMo

Ours

Generated Motions Time

Fig. 3: Visual comparison of generated skeletal motion with the baseline.
The left columns show the input text and image. AniMo uses only text, while our
method conditions on both text and image. AniMo exhibits failures such as motions
that do not follow the prompt and inconsistent skeleton shapes, whereas our method
produces more realistic motion sequences.

Input Prompts Generated Mesh Puppeteer* Ours

Time
Time

TimeTime

”A cat shifts its 
weights to sit down.” 

”A moose walks 
straight ahead.” 

”A horse rears up then 
land on all fours.” Time

Time

Fig. 4: Visual comparison of generated mesh animation with the baseline.
The left columns show the input text and image, which are used for both pipelines.
Puppeteer often produces little or no motion on the input mesh, whereas our method
generates realistic movements that follow the text prompt.
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motion instead, whereas our model correctly produces a smooth rearing-up and
landing motion for the horse. A particularly critical failure of the baseline is its
inconsistent skeleton structure across frames: as illustrated in the third example,
although the cat roughly follows the “sitting” prompt, its skeleton collapses and
shrinks to an unrealistic size, making the motion unusable for downstream tasks
such as mesh rigging. In contrast, our method maintains consistent bone lengths
and body proportions, resulting in stable and anatomically plausible motions
that better align with the input text descriptions.

Qualitative results comparing with Puppeteer [36] show that our method
produces more accurate and natural motions. While Puppeteer relies on opti-
mizing a rigged mesh to match frames generated by a video generation model,
this indirect approach often fails when the generated videos are inconsistent or
physically implausible. In particular, we observe frequent failure cases where the
generated video does not follow the input text, deviates from the initial frame,
or exhibits abrupt shot changes and inconsistent animal appearance and shapes.
These issues make motion extraction unreliable.

In contrast, our method learns motion directly from real-world animal videos,
reconstructing temporally smooth 3D joint trajectories that generalize robustly
to new inputs. As a result, rigging and animating a mesh using our generated
motion is consistently more stable and faithful to the input text and image. This
demonstrates that learning motion from real video data provides a more reliable
and physically grounded foundation than relying on motion cues extracted from
generated videos, validating the effectiveness of our pipeline design.

4.4 Ablation Studies

We conduct an ablation study to evaluate the effect of image conditioning in
our motion generation model. As shown in Tab. 1, we compare models trained
with and without the image-conditioning branch while keeping all other training
configurations identical.

Adding image conditioning leads to consistent improvements across key per-
ceptual and alignment metrics: R-Precision, FID, and MM-Distance all show
notable gains, with FID exhibiting the largest improvement. This indicates that
integrating visual cues helps the model generate more realistic and visually co-
herent motions that align better with both text and ground-truth motion distri-
butions. The improvement in R-Precision and MM-Distance also confirms that
image conditioning enhances semantic alignment between text and motion, sug-
gesting that visual features provide an effective bridge between the two modali-
ties. On the other hand, Diversity and Multimodality scores remain comparable
but showing a marginal decrease when image features are used. We attribute
this to the nature of visual conditioning, which introduces stronger spatial and
appearance constraints that guide the motion synthesis process more tightly
toward visually plausible outcomes, potentially reducing motion variation.
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5 Conclusion

We introduce Kirin, a framework for learning and generating realistic 3D animal
motion from in-the-wild videos. To address the challenge of data scarcity, we con-
struct AiM3D, the first large-scale animal dataset containing aligned video, text,
and 3D motion tuples. Building on this dataset, we develop an animal motion
generation model that conditions on both text and image. Experiments show
that our model achieves state-of-the-art performance on both in-distribution
and external test sets. Finally, we present an animation pipeline that rigs the
generated motions onto 3D meshes. Together, our reconstruction method and
dataset, generative model, and rigging pipeline form a unified solution for data-
driven animal motion modeling and animation. We believe this work opens new
opportunities for biomechanics, behavioral analysis, and realistic character ani-
mation for media. All code and datasets will be released.
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