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Abstract

Text-driven motion generation has made significant
strides in recent years. However, most existing works focus
on human motion, largely overlooking the rich and diverse
behaviors of animals. Understanding and synthesizing ani-
mal motion have important applications in wildlife conser-
vation, animal ecology, and biomechanics. Animal motion
modeling presents unique challenges due to species diver-
sity, varied morphological structures, and different behav-
ioral patterns in response to similar textual descriptions. To
address these challenges, we propose AniMo for text-driven
animal motion generation. AniMo consists of two stages:
motion tokenization and text-to-motion generation. In the
motion tokenization stage, we encode motions using a joint-
aware spatiotemporal encoder with species-aware feature
modulation, enabling the model to adapt to diverse skele-
tal structures across species. In the text-to-motion genera-
tion stage, we employ masked modeling to jointly learn the
mapping from textual descriptions to motion tokens. Ad-
ditionally, we introduce AniMo4D, a large-scale dataset
containing 78,149 motion sequences and 185,435 textual
descriptions across 114 animal species. Experimental re-
sults show that AniMo achieves superior performance on
both the AniMo4D and AnimalML3D datasets, effectively
capturing diverse morphological structures and behavioral
patterns across animal species.

1. Introduction

Text-to-motion generation, which transforms textual de-
scriptions into semantically consistent and realistic 3D mo-
tions, has attracted significant attention recently. This tech-
nology has diverse applications in domains such as robotics,
virtual/augmented reality (VR/AR), video games, and con-
tent creation [65]. While existing methods succeed in gen-
erating realistic motion [12, 27, 34, 47, 56, 61], they pre-
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Figure 1. Examples of animal motions. Animals exhibit more
diverse morphological structures and behavior patterns, making it
challenging to generate motions from text-only prompts. (
represents animal attributes, Green represents animal species, and
Blue represents motions.)

dominantly focus on human behavior, largely ignoring the
rich and diverse motion patterns exhibited by animals. Ex-
panding motion generation beyond human holds signifi-
cant potential for animal management, wildlife conserva-
tion, ecological research, and biomechanics [9, 30, 39, 41].

In this work, we focus on animal motion, an area that
remains relatively under-explored compared to human mo-
tion. As shown in Figure 1, modeling animal motion
presents unique challenges due to the vast diversity in



species morphology and behavioral patterns. Unlike the rel-
atively uniform human skeletal structure, animals display
diverse body forms, from quadrupeds to birds, each with
distinct motion patterns. Furthermore, while human behav-
iors tend to follow consistent patterns, animal behaviors ex-
hibit significant variability influenced by species, morphol-
ogy, and environmental factors. For example, “walking”
differs fundamentally between crocodiles and giraffes due
to their distinct limb structures and dynamics.

To address these challenges, we introduce AniMo, a
model specifically designed for text-driven animal motion
generation. AniMo follows a two-stage framework: motion
tokenization and text-to-motion generation. During motion
tokenization, we discretize motion data using an encoder-
decoder architecture equipped with a quantization mecha-
nism. Unlike existing methods [12, 15, 54], which encode
motion sequences using a Temporal Convolutional Network
(TCN) [21], we adopt a joint-aware spatiotemporal encoder
to better capture spatial and temporal dynamics. Further-
more, to accommodate species-specific morphology, we in-
troduce species-aware feature modulation, which adaptively
adjusts skeletal structures based on the animal species and
attributes. In the text-to-motion generation stage, we con-
dition the model on textual descriptions, along with animal
species and attributes, to establish a mapping from textual
descriptions to motion tokens.

Additionally, we introduce AniMo4D, a large-scale
dataset with 78,149 motions and 185,435 textual descrip-
tions across 114 species. We conduct experiments on An-
iMo4D and use the AnimalML3D dataset [52] as an out-of-
distribution (OOD) test set. AniMo achieves strong perfor-
mance across multiple metrics, demonstrating its ability to
generate diverse, realistic animal motions from text.

In summary, our key contributions are as follows:

We propose AniMo, a novel model using a joint-aware
spatiotemporal encoder to capture both spatial and tem-
poral features of animal motion, along with species-aware
feature modulation for adaptive scaling across species.
We introduce AniMo4D, a comprehensive dataset com-
prising 78,149 motion sequences and 185,435 annotated
textual descriptions spanning 114 animal species.

We conduct extensive experiments on the AniMo4D and
AnimalML3D datasets, demonstrating the superiority of
AniMo. Our quantitative evaluations show that An-
iMo effectively generates species-specific morphological
structures and motion sequences that align with the be-
havioral patterns of each species.

2. Related Work

2.1. Text-driven Human Motion Generation

Numerous studies attempt to generate motion from text, pri-
marily due to its user-friendliness. Existing text-to-motion
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generation approaches can be broadly categorized into three
types: diffusion-based, autoregressive, and masked mod-
eling methods. Diffusion methods describe motion gen-
eration as a text-conditioned denoising process [2, 4, 16,
18, 19, 25, 40, 47, 49, 55, 56, 60, 62—-64]. The lat-
ter two approaches first encode motions into discrete to-
kens, which are then reconstructed. Autoregressive meth-
ods [3, 15, 27, 50, 54, 61] use a GPT-like [37] approach.
For instance, T2M-GPT [54] encodes motions using Vector
Quantized Variational Autoencoders (VQ-VAE) [48] and
conditions on text to guide token generation. AttT2M [61]
models individual body parts, incorporating spatial infor-
mation. Masked modeling methods [12, 32-34, 58] follow a
BERT-like [7] approach. MMM [34] encodes motions with
VQ-VAE, constructs a large-scale codebook with a factor-
ized code method [28], and employs a Masked Transformer
to predict masked tokens. MoMask [12] utilizes Residual
Vector Quantization (RVQ) [22, 53] for quantization, with
a Masked Transformer for predicting base layer tokens and
a Residual Transformer for predicting residual layer tokens.
However, existing masked modeling methods do not explic-
itly incorporate spatial information in motion encoding. To
address this limitation, we propose a joint-aware spatiotem-
poral encoder that captures skeletal spatial dependencies,
ensuring the generated motion tokens effectively represent
spatiotemporal dynamics.

2.2. Text-driven Animal Motion Generation

Progress in animal text-to-motion generation has lagged be-
hind that of human motion generation due to limited data.
OmniMotionGPT [52] addresses this issue through trans-
fer learning, jointly training on human and animal mo-
tion data. However, it still relies on human motion dur-
ing inference, limiting purely text-driven generation. Mo-
tion Avatar [59] uses SinMDM [36] for data augmentation
to create the Z00-300K dataset. It extends MoMask [12]
to model animal motion and integrates a large language
model as planner with 3D generation for avatar meshes.
However, these methods often overlook essential animal-
specific characteristics, particularly the morphological di-
versity across different species. To address this limitation,
we introduce species-aware feature modulation, which ac-
commodates the diverse morphological structures of differ-
ent animal species.

2.3. Animal Motion Dataset

Several studies have constructed animal motion datasets.
The RGBD-Dog dataset [17] captured skeletal data from
seven dogs using motion capture devices.  Similarly,
Shooter et al. [42] introduced the 3DDogs-Wild dataset
using indoor motion capture systems. The DeformingTh-
ings4D dataset [23] was synthesized using Blender scripts
[5] with Mixamo characters [14] to produce diverse mo-
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Figure 2. The architecture of AniMo. Our network operates in two main stages: (a) Motion Tokenization, which discretizes continuous
motion representations. It adopts an encoder-decoder structure with Residual Vector Quantization. The encoder leverages a Joint-Aware
Spatiotemporal Encoder to capture spatiotemporal motion features, followed by Species-Aware Feature Modulation for adaptive feature
scaling. A Discriminator is employed during training to ensure realistic motion reconstruction. (b) Text-to-Motion Generation, which maps
text inputs to motion tokens. A Base Transformer with masked modeling predicts the base layer tokens, while a Residual Transformer
predicts the tokens for the remaining layers. (c) Inference: Given a text prompt, motion sequences that conform to animal morphology and
behavior are generated sequentially using the Base Transformer, Residual Transformer, Codebook, and Decoder.

tion data. However, these datasets lack textual descriptions,
limiting their applicability in text-to-motion tasks. Recent
efforts have incorporated text annotations into animal mo-
tion datasets. Yang et al. [52] extracted skeletal data from
DeformingThings4D, and Zhang et al. [59] expanded ani-
mal motions in the Zoo-300K dataset using SinMDM [36].
However, these datasets contain a limited number of origi-
nal animal motion sequences and exhibit restricted species
representation. To address these gaps, we introduce the An-
iMo4D dataset with 78,149 motion sequences and 185,435
textual descriptions across 114 species.

3. Method

Our goal is to generate animal motions based on textual de-
scriptions while ensuring consistency with animal morphol-
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ogy and behavioral patterns. As shown in Figure 2, we pro-
pose AniMo, which comprises two training stages: motion
tokenization (Section 3.1) and text-to-motion generation
(Section 3.2). In the motion tokenization stage, we utilize
a species-aware encoder-decoder architecture with a quanti-
zation mechanism to discretize continuous motion represen-
tations into motion tokens. In the text-to-motion generation
stage, we employ a masked motion modeling mechanism
to establish a mapping from text to motion tokens. During
inference, textual descriptions are first mapped to discrete
motion tokens, and then transformed into continuous mo-
tion sequences through the pre-trained decoder.

3.1. Stage 1: Motion Tokenization

Given a motion sequence X = [x1,Xa,...,Xr|, Where
x; € RE T represents the number of frames and d denotes



the motion dimension, our goal is to train an autoencoder
and a learnable codebook to discretize motion embeddings
while ensuring accurate reconstruction of the motion se-
quence X. Specifically, we employ Residual Vector Quanti-
zation (RVQ) [12, 53] to learn fine-grained multi-layer dis-
crete codebooks. To enrich feature learning and capture
complex motion patterns from diverse species, we intro-
duce a joint-aware spatiotemporal encoder enhanced with
species-aware feature modulation for motion encoding. Ad-
ditionally, following the concept of GANs [10, 20, 57], we
incorporate a discriminator to differentiate between X and
X, thereby enhancing the reconstruction quality.

Joint-Aware Spatiotemporal Encoder. In widely used
motion representations [11], x; is represented as a feature
vector in a one-dimensional format. Most existing meth-
ods process x; directly through the encoder [15, 54] with-
out explicitly modeling its spatial feature. To address this
limitation, we propose a joint-aware spatiotemporal encoder
designed to explicitly capture both spatial and temporal de-
pendencies in motion data. For spatial motion encoding, we
reorganize the motion data with n; joints into a joint-aware

representation: [x{; x{ ; x{ } , where xj, x{, and x{ denote
the root joint, non-root joints, and foot-ground contact fea-

tures, respectively. These components are then projected
into the feature space via linear transformations:

he = [hjihdhf | = [Wox Wi Woxd ] ()

where W,., W, W ; are learnable weight parameters.

Next, the joint-aware features h; are processed by a Spa-
tial Transformer (S-Trans). To incorporate the morpholog-
ical structure of animal motion, we impose constraints on
the S-Trans’s attention mask. Specifically, we represent the
skeleton as a tree rooted at the pelvis joint. For any joint
pair (A, B), the attention mask M 4 g is defined as:

Map= {

The S-Trans processes the motion embeddings h;.7 using
self-attention with the attention mask M as follows:

Q = hl:TWQa

0,

—00,

if A, B are on the same limb 2

otherwise

K=h.7Wg, V=h. oWy, 3)

QK"
e
where Wqg, Wi, and Wy, are the learnable parameters
of the S-Trans. The resulting motion embeddings hf., are
enhanced with spatial structural information.

Finally, the spatially enhanced features hj.,. processed
by a Temporal Convolutional Network (TCN) [21] to cap-
ture temporal dynamics, producing the final spatiotemporal

.7 = softmax ( 4)

FM)V,
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features h{!, , where n = [T/r] and r is the downsampling

rate. Without loss of generality, we denote h*! without the
subscript ¢ for simplicity.

Species-Aware Feature Modulation. Different species
possess diverse morphological structures. As shown in Fig-
ure 3(c), the relative spine lengths across species can vary
by orders of magnitude. While the feature representation
h*! primarily encodes motion information, it also implicitly
captures certain morphological characteristics. To better ac-
count for species-specific morphological variations, we pro-
pose Species-Aware Feature Modulation (SAFM). Specifi-
cally, we employ a feature-wise linear modulation strategy
[31] to adaptively scale h*¢:

h™ = yoh* + 8, 5)

where © denotes element-wise multiplication, and ~ and 3
are scaling parameters generated by combining the CLIP
[38] text encoder with a Multi-Layer Perceptron (MLP).
These parameters are learned by encoding animal species
s along with specific animal attributes a (male, female, or
juvenile):

v, 8 = MLP(CLIPyex([a, ])). (©6)

As a result, the latent motion feature h™ is dynamically
modulated to accommodate different species.

Residual Vector Quantization. To encode motion fea-
tures, we employ a quantization mechanism Q(-), where
a continuous vector is replaced by its nearest code entry
(referred to as motion tokens) from a codebook C. To ob-
tain more fine-grained motion tokens, we perform iterative
quantization to the latent sequence h™ using V' + 1 quan-
tization layers [12, 22, 53], where each layer successively
refines the residual from the previous step.

Formally, let v = 0,1,...,V denote the index of the
quantization layer. We initialize the residual representation
as r” = h™. The quantization process is then formulated
as:

't =" —h°.

h" = Q(r"), (7

The final quantized motion representation is obtained by
summing the quantized sequences across all layers:

1%
h? =Y "h".
v=0

During training, the codebook C is updated using an Ex-
ponential Moving Average (EMA) and a codebook reset
strategy [51, 54], facilitating stable and high-quality rep-
resentation learning.

The quantized representation h? is then passed through
a decoder to reconstruct the motion sequence, resulting in

®)
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Figure 3. Visualization results on the AniMo4D dataset.

the output X. The overall training objective combines a re-
construction loss and a latent embedding loss at each quan-
tization layer:

|4
Log =X = X1+ [Ir" —sgfh]3,

v=1

9

where sg|-] denotes the stop-gradient operation, and « is a
weighting factor for the embedding constraint.

To ensure the realism of the reconstructed motion, we in-
troduce a discriminator D(-) that differentiates between the
generated motion X and the real motion X. The adversarial
loss is formulated as:

Late = Exupu, [0g D(X)] + Eg ., [log(1 = D(X))] -

(10)

The overall training objective combines the RVQ loss
and the adversarial loss, and is expressed as:

Lol = Lrvq + >\£adV7 (11)

where A\ is a hyperparameter that controls the balance be-
tween the RVQ loss and the adversarial loss.

After training, each motion sequence X can be repre-
sented as V' + 1 discrete motion token sequences M =
[mY.,,]V_,, where motion token m! € {1,2,...,|C|} is the
index of codebook embedding.

3.2. Stage 2: Text-to-Motion Generation

In this stage, our goal is to learn the mapping from textual
descriptions to pre-trained motion tokens. Since the first
layer of our multi-layer codebook contains the most essen-
tial information, we use a Base Transformer (B-Trans) to
predict the base layer motion tokens m9,,, € R™. To condi-
tion the model, we input the animal attributes a, species s,
and textual description d into the CLIP text encoder, result-
ing in a condition vector ¢ = CLIPcx([a, s, d)).
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Table 1. Statistics of the text-motion datasets.

Dataset #Motions #Texts Duration (h) #Species
HumanML3D [11] 14,616 44,970 28.59 1
KIT-ML [35] 3911 6,248 10.33 1
AnimalML3D [52] 1,240 3,720 0.82 36
Z00-300K [59] 1,153 300,000+ - 65
AniMo4D (Ours) 78,149 185,435 84.29 114

Note: * utilized SinMDM [36] to augment motion data to 300K,
and generated 300K corresponding texts.

The base layer tokens are predicted using a masked mo-
tion modeling approach. Specifically, a portion of the to-
kens in the original motion sequence m? is replaced with
[MASK] tokens according to a masking probability pmask-
This modified sequence /! is subsequently fed into the B-
Trans, which predicts the actual tokens at the [MASK] po-
sitions. The model is trained by minimizing the negative

log-likelihood of the target token predictions:

0
m;

79 =[MASK]

Lbase = —logpg(mf|m®,c),  (12)

To predict the motion tokens for the remaining V' lay-
ers, we employ a Residual Transformer (R-Trans). In ad-
dition to the text condition ¢, we also condition the model
on the residual layer ID j € (1,V). The R-Trans predicts
the tokens for the j-th quantization layer, with the following
training objective:

(13)

- z:i—logpd,(mf\m;:j*l7

j=11i=1

Cvj)v

where m] denotes the token from the j-th quantization layer
for sequence index 4, and m
tokens from the preceding layers.

represents the embedded



Inference. During inference, given a text condition c,
we first initialize all base-layer tokens as [MASK], i.e.,
m® = [MASK]. The B-Trans predicts the base layer to-
kens as M = B-Trans(m", ¢). For each subsequent quan-
tization layer j € {1,2,...,V}, the R-Trans predicts the
tokens 1/ for the j-th layer based on the previously pre-
dicted tokens from layers 1 to 5 — 1 and the condition c,
ie., m? = R-Trans(m'7~1 c,j). After predicting all lay-
ers, the full quantized motion token sequence is obtained
as mV = [m%m!,...,/m"]. The final motion embed-
ding h¢ is retrieved from the pre-trained codebook, and the
motion sequence X is reconstructed using the pre-trained
decoder: X = Decoder(h?).

4. Experiments

Datasets. To validate the effectiveness of our model,
we conducted experiments using the AniMo4D and Ani-
malML3D [52] datasets. Building on prior success with
synthetic data techniques demonstrated in previous re-
search [17, 29, 43], we curated AniMo4D from Planet
Zoo [6], a simulation game known for its high-quality
animal models and motions.  Specifically, we utilize
cobra-tools' to extract the animal models and anima-
tions. We then conduct exploratory data analysis and define
a unified skeletal structure with n; = 30 joints, selecting
the most frequently occurring and cross-species-compatible
joints, balancing joint coverage with species inclusiveness
(with some incompatible species, such as penguins, dis-
carded). Furthermore, we annotate each motion with tex-
tual descriptions generated by Llama [8], Qwen [1], and
Deepseek [24], followed by manual cleaning to ensure high
quality. AniMo4D contains 78,149 motion sequences and
185,435 textual descriptions across 114 species. Figure 3(a)
and Figure 3(b) illustrate the distribution of animal species
and motion labels. The motion sequences range from 20
to 300 frames. Table | provides a comparison with exist-
ing text-to-motion datasets, highlighting AniMo4D’s com-
patibility. We split the dataset into training, validation, and
testing sets with ratios of 0.80, 0.05, and 0.15, respectively.

For the AnimalML3D dataset, used as an out-of-
distribution (OOD) test set, we selected 1,150 motion sam-
ples with sequence lengths ranging from 20 to 300 frames.
To ensure consistency, we unified the number of joints to
30 across all datasets and preprocessed the joint data in the
T2M format [11], where the data has dimensionality (T, d),
with T representing the sequence length and d = 359 de-
noting the motion dimension.

Evaluation metrics. Following T2M [11], we trained
text-motion matching components on the AniMo4D and

lhttps ://github.com/OpenNaja/cobra-tools
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AnimalML3D datasets to encode motions and text for eval-
uation. We evaluate performance using the following met-
rics: (1) Frechet Inception Distance (FID): This metric cal-
culates the distance between feature distributions of gener-
ated and ground truth motions, assessing quality and real-
ism. (2) R-Precision and Multimodal Distance (MM-Dist):
R-Precision measures semantic alignment between text and
generated motions, reporting Top-1, Top-2, and Top-3 ac-
curacy. MM-Dist quantifies the distance between motion
and text embeddings. (3) Diversity: This metric computes
the mean pairwise Euclidean distance among generated mo-
tions for different descriptions, reflecting variability. (4)
Multimodality: This evaluates the diversity of motions gen-
erated from a single text prompt. (5) Mean Per Joint Po-
sition Error (MPJPE): MPJPE measures the average Eu-
clidean distance between predicted and ground truth joint
positions, directly assessing skeletal motion accuracy.

Baselines. To the best of our knowledge, no publicly
available models are specifically designed for pure text-
driven animal motion generation. While OmniMotionGPT
[52] can generate animal motions, it requires additional hu-
man motions as references. Motion Avatar [59] focuses
on generating mesh-based animal avatars rather than mo-
tion sequences. Therefore, we selected several state-of-the-
art text-driven human motion generation models to serve as
our baselines, including: T2M [11], MDM [47], T2M-GPT
[54], AttT2M [61], MMM [34] and MoMask [12]. To adapt
these models for animal motion, we modified their skele-
tal definitions to align with those used in AniMo4D. Each
baseline model was retrained using its default parameters,
and we evaluated their performance on both the AniMo4D
and AnimalML3D datasets.

Implementation Details. In line with the configuration in
Guo et al. [12], we configure RVQ with 6 quantization lay-
ers in the first stage, each with a codebook size of 512 x 512
and a downsampling rate of r = 4. We use the AdamW
optimizer [26] with [51, 2] = [0.9,0.99]. The weighting
factor « is set to 0.02, and the adversarial loss weight co-
efficient A is set to 0.002. In the second stage, both the
B-Trans and R-Trans consist of 6 transformer layers, each
with 6 attention heads and a latent dimension of 384. The
learning rate is set to 2 x 10~%, with linear warm-up peri-
ods of 80k and 16k iterations for the first and second stages,
respectively. We use batch sizes of 128 and 64 for these
stages. For text encoding, we employ the CLIP ViT-B/32
model [38]. All experiments are conducted on NVIDIA
GeForce RTX 4090 GPUs.

4.1. Quantitative Results

Following [11, 47], each experiment was conducted 10
times, and the metrics are reported as mean values with



Table 2. Comparison of text-driven motion generation on the AniMo4D test set. The right arrow (—) indicates that values closer to the
ground truth motion are better. The best results for each metric are shown in bold.

R-Precision 1

Methods FID | MM-Dist | Diversity - MDModality 1
Top-1 1 Top-2 1 Top-3 1
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Table 3. Comparison of text-driven motion generation in out-of-distribution (OOD) experiments on the AnimalML3D dataset. The right
arrow (—) indicates that values closer to the ground truth motion are better. The best results for each metric are shown in bold.

R-Precision 1

Methods FID | MM-Dist | Diversity - MDModality 1
Top-1 1 Top-2 1 Top-3 1
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95% confidence intervals. As shown in Table 2, AniMo
outperforms other methods across key evaluation metrics on
the AniMo4D dataset. It achieves superior R-Precision, re-
flecting stronger alignment between text prompts and mo-
tions. Notably, AniMo achieves a significantly lower FID
score, indicating more realistic and higher-quality motions.
Moreover, Its lower MM-Dist further demonstrates strong
semantic consistency between text and motion. Although
MModality is slightly lower than that of some other meth-
ods, AniMo’s high R-Precision and low MM-Dist empha-
size text adherence over extreme diversity while still main-
taining strong diversity.

Furthermore, we performed out-of-distribution (OOD)
evaluations on the AnimalML3D dataset. As shown in Ta-
ble 3, due to the distributional shift between datasets, the
performance of all models degraded. Nonetheless, AniMo
continues to achieve superior performance across multiple
metrics despite these challenging conditions.

4.2. Qualitative Results

Figure 4(a) idemonstrates the model’s ability to generate
motions for different species given similar textual descrip-
tions, highlighting its capacity to capture the unique mor-
phological characteristics of each species. For example, the
okapi and the proboscis monkey exhibit substantial differ-
ences in skeletal structure and size, with the okapi being

larger. The model also learns species-specific behaviors:
the proboscis monkey appears more agile in swimming, us-
ing its upper limbs more, while the snow leopard uses all
four limbs in a coordinated way. Additionally, Figure D2
(in Supp.) presents the qualitative results of AniMo com-
pared to baseline models. These qualitative results further
substantiate the model’s ability to generate diverse and re-
alistic animal motions.

4.3. Ablation Study

To assess the effectiveness of our model components, we
performed an ablation study, evaluating both the first-stage
reconstruction and the full generation pipeline, as shown in
Table 4. The results indicate that the removal of any com-
ponent leads to a decline in performance across all key met-
rics. Among the components, the Spatial Transformer (S-
Trans) proves to be the most critical, as its removal results
in the largest increase in FID, underscoring its importance
in capturing spatiotemporal features for high-quality mo-
tion synthesis. Moreover, removing the discriminator D(-)
yields the highest MPJPE, emphasizing its crucial role in
ensuring realistic skeletal motion. Eliminating the Species-
Aware Feature Modulation (SAFM) also degrades perfor-
mance. These findings confirm the contributions of each
component to the overall architecture and further demon-
strate the robustness of our design.
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(a) Different animals exhibit distinct morphological structures and behavioral patterns for similar text prompts.
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(b) Transfer of existing motions to new animal species.
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Figure 4. Motions generated by AniMo. The results demonstrate that AniMo has learned different animal species and behavior patterns,
and can transfer motions to novel animals as well as perform cross-species transformations.

4.4. Application

Motion Transfer. AniMo demonstrates a strong under-
standing of intrinsic animal behaviors, facilitating effective
motion transfer across species. This capability is evidenced
in Figure 4(b), where the model successfully transfers a
drinking motion from a wisent to a grey seal, even though
such examples are absent in the AniMo4D training set. The
generated motion naturally aligns with the grey seal’s mor-
phological structure, enabling a wide range of applications,
including animation, wildlife simulation, behavioral stud-
ies, and creative design, such as character development and
digital art creation [44, 45]. Furthermore, as both the text in-
put and animal attributes are encoded using CLIP, the model
leverages CLIP’s semantic representations to map species
into the latent space, enabling seamless motion transfer to
unseen species.

Cross-species Motion Inpainting. AniMo achieves
cross-species motion inpainting through a mask-based
inference approach, leveraging its species-aware ar-
chitecture and comprehensive understanding of animal
behavior patterns.The process consists of tokenizing the
original motion sequence, replacing target segments with
[MASK] tokens, and feeding the modified sequence along
with textual descriptions into the B-Trans and R-Trans.
Figure 4(c) illustrates this capability, showing smooth
transitions between concatenated motions from different
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Table 4. Ablation study on the AniMo4D dataset.

Reconstruction Generation
Methods
FID] MPJPE] FIDJ MM-Dist]
AniMo 0.035 0.206 0.037 1.063
w/o SAFM 0.044 0.249 0.056 1.301
w/o S-Trans 0.063 0.214 0.071 1.241
w/o D(-) 0.055 0.325 0.091 1.197

species, with the inpainted process highlighted in blue.
This enables seamless motion editing and completion,
particularly valuable for animation production where
continuous motion sequences need to be generated from
fragmented recordings or different species [13, 46].

5. Conclusion

In this paper, we introduced AniMo to tackle the chal-
lenges of text-driven animal motion generation. By leverag-
ing a joint-aware spatiotemporal encoder and species-aware
feature modulation, AniMo effectively captures the unique
morphological and behavioral traits of various species.
Comprehensive evaluations on the AniMo4D and Ani-
malML3D datasets demonstrate that our approach consis-
tently outperforms existing methods across multiple quan-
titative metrics, generating motions that conform to animal
morphological structures and behavioral patterns.
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