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Cross-Morphology Motion Transfer with Semantic
Style Alignment
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Abstract—Transferring animations between characters with
diverse skeletal structures is challenging. Traditional retargeting
pipelines rely on fixed correspondences, canonical skeletons, or
human-centric datasets, which can lead to artifacts when applied
across heterogeneous morphologies. We introduce a framework
for cross-morphology motion transfer with semantic style align-
ment that uses morphology-agnostic control signals (e.g., velocity,
angular velocity, relative height) to align behaviors across species.
Our method supports all-to-all retargeting: motions from any
source can be mapped to any trained target while preserving
target-specific style. For each target morphology, we train a
Vector Quantized VAE and an autoregressive sequence model to
construct a compact, morphology-specific codebook that captures
stylistic priors. This modular design scales to new morphologies
without retraining existing models and allows optional user
control (e.g., phase, velocity scaling) for fine-grained alignment.
Experiments across bipeds and quadrupeds demonstrate accu-
rate, plausible, and style-faithful motion transfer, establishing
a scalable approach to retargeting across arbitrary skeletal
topologies.

Index Terms—Cross-morphology, motion transfer, retargeting,
semantic alignment, stylistic alignment

I. INTRODUCTION

ANIMATING characters with diverse skeletal structures
and stylistic priors remains a central challenge in com-

puter graphics. Traditional pipelines for motion retargeting
often depend on carefully crafted skeleton correspondences or
reference templates, which makes them fragile in the presence
of heterogeneous morphologies such as bipeds, quadrupeds,
or fantastical creatures. Differences in joint connectivity and
constraints, body proportions, and stylistic priors frequently
lead to artifacts, e.g., anthropomorphized animal motion or
degraded fidelity when mapping back to the source domain.
Compounding these challenges, datasets that encompass truly
diverse skeletal topologies are scarce, limiting the effectiveness
of purely data-driven approaches. An ideal system would
(i) enable bidirectional translation of motion across arbitrary
skeletons, (ii) preserve the target character’s stylistic priors (a
dog should still move like a dog), and (iii) scale seamlessly
as new target characters’ morphologies are introduced. These
requirements motivate our central objective: to transfer the
semantic content of a source motion across substantially
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different morphologies without requiring explicit skeletal cor-
respondences, while preserving the characteristic motion prior
of each trained target morphology.

Recent learning-based advances have substantially pushed
the state of motion generation and retargeting. Neural models
have demonstrated impressive results in motion synthesis,
editing, and style transfer [1]–[3]. However, most existing
methods remain tied to fixed skeletal topologies [4], [5],
bone-proportion variations [6], or skeletal homeomorphism
[7], limiting their applicability to cross-morphology retar-
geting. Attempts at multi-skeleton scalability often rely on
topology-specific modules [8], [9] or entirely separate models
per character [10], [11], undermining extensibility. While
approaches based on intrinsic motion representations [12]–
[14] or unpaired translation frameworks [15], [16] offer greater
flexibility, they typically operate in one-to-one or one-to-all
paradigms, often anchored by a canonical reference skele-
ton. More recently, Gat et al. [17] introduced a skeleton-
conditional diffusion model that can animate characters of
arbitrary topology; however, this formulation is conditioned
on a single skeleton at a time and does not perform explicit
pairwise mappings across skeletons.

In this work, we propose a framework for cross-morphology
stylistic motion transfer, capable of synthesizing plausible
motions for a target morphology given control signals orig-
inating from any other morphology. Unlike traditional joint-
matching or phase-matching approaches, our method dispenses
with fixed reference topologies and instead uses morphology-
agnostic control signals (e.g., velocity, angular velocity, rela-
tive height). These signals capture semantically consistent cues
across species and enable our model to operate in an all-to-
all fashion at inference: motions from any source morphology
can be mapped to any previously trained target morphology, as
illustrated in Figure 1, aligning behaviors such as locomotion,
sitting, or lying down, even in the absence of direct joint
correspondences. We evaluate this setting on a wide range
of morphologies, including human, dog, ostrich, monkey,
scorpion, T-Rex, and dragon skeletons, demonstrating all-to-all
cross-morphology transfer with semantic style preservation.

Our design is modular and skeleton-aware: for each target
morphology, we train a dedicated instance composed of a
Vector Quantized Variational Autoencoder (VQVAE) [18] and
an autoregressive codebook predictor. Each instance learns
its own morphology-specific codebook independently, which
captures stylistic priors from motion data. At inference, control
signals may originate from any morphology, but synthesis
is limited to the trained target. Extending the framework to
new target morphologies requires training a new instance, but
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Fig. 1: All-to-all cross-morphology motion transfer. Our method transfers motion among humans, dogs, and ostriches without
relying on a reference morphology, while preserving the motion characteristics of each target.

all previously trained models remain valid without retraining.
Thus, the scalability of our framework does not arise from
zero-shot generation on unseen target skeletons, but from
its modularity: adding a new target requires training only
its corresponding model, without modifying or retraining
any existing source–target mappings. This yields a practical
form of all-to-all transfer, since any input morphology can
be mapped to any trained output. Unlike a unified all-to-
all model, separate instances do not share a common latent
embedding, but our experiments demonstrate that morphology-
agnostic control signals provide sufficient semantic alignment
for high-quality transfer. The key novelty is therefore the
separation between a shared, morphology-agnostic behavioral
interface and independent morphology-specific motion priors:
semantic alignment is performed through the former, while
target-specific motion style is preserved by the latter.

Training proceeds in two stages: (i) a VQVAE is opti-
mized with MSE and vector quantization losses to construct a
morphology-specific codebook; (ii) an autoregressive predictor
is trained with cross-entropy loss to model valid sequences
of codebook indices. At inference, predicted indices retrieve
vectors from the codebook, which are decoded into motion
trajectories. This design requires no cyclic consistency or
explicit phase supervision, though optional control signals,
such as phase or velocity scaling, can be introduced to refine
alignment (e.g., ensuring that a running input maps to running
output rather than walking).

Importantly, our framework preserves stylistic fidelity by
disentangling morphology-agnostic signals from morphology-
specific reconstructions. In addition, users can adjust align-
ment via simple signal scaling, affording flexible high-level
control. This design respects non-human priors and avoids
collapsing behaviors into a human-centric latent space, while
still supporting fine-grained constraints when desired.

In summary, our contributions include:

� A morphology-specific motion synthesis framework
for all-to-all cross-morphology retargeting, which gen-
erates target motions from control signals of any source
morphology without requiring joint- or phase-level cor-
respondences. Semantic alignment is achieved through
morphology-agnostic signals (e.g., velocity, angular ve-
locity, relative height), with user-controllable cues (e.g.,
phase, velocity scaling) for intuitive style and pace ad-
justment.

� A two-stage training procedure combining VQVAE-

based reconstruction with autoregressive sequence mod-
eling. This design yields compact, morphology-specific
codebooks that capture stylistic priors, enabling scalable
extension to new characters without retraining existing
ones.

� A comprehensive evaluation across heterogeneous mor-
phologies (bipeds $ quadrupeds), demonstrating kine-
matic accuracy, physical plausibility, and faithful preser-
vation of target-style dynamics.

II. RELATED WORK

While motion synthesis and retargeting have advanced
rapidly, most methods assume fixed skeletal topologies, canon-
ical references, or human-centered datasets. Such constraints
hinder their ability to generalize across heterogeneous mor-
phologies (e.g., bipeds vs. quadrupeds) and to preserve target-
specific style. In contrast, our work enables all-to-all, cross-
morphology retargeting without reliance on canonical skele-
tons, while supporting scalable extension to new target char-
acters without retraining the entire model.

Human!human motion retargeting: Traditional motion
retargeting explicitly addressed adapting motion across char-
acters with different proportions or skeletal structure using
joint correspondences, kinematic constraints, or importance-
based mappings [19], [20]. Learning-based retargeting meth-
ods later emerged to improve robustness and automation. For
instance, Neural Kinematic Networks (NKN) [15] introduced
unsupervised retargeting via forward kinematics constraints,
while Skeleton-Aware Networks [7] embedded motion into a
shared latent space to enable retargeting across homeomorphic
skeletons. SAME [21] proposed skeleton-agnostic motion em-
beddings for retargeting within a unified representation, while
pose-aware attention models [22] further improved robustness
to body-part variation within the human domain. While effec-
tive for human-to-human retargeting, these methods assume
compatible skeletal structure or shared topology and do not
generalize to morphologically diverse characters.

Cross-morphology retargeting and embodiment: Be-
fore deep learning, systems for highly varied morphologies
relied on IK with morphology-dependent goal generation
(e.g., Spore) [23] or constrained optimization [24]. Recent
VR embodiment approaches have mapped human motion to
quadrupeds using learned models, emphasizing first-person
control fidelity: NeuroDog [25] and Dog Code [26] achieved
realistic quadruped motion but are typically one-directional



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. XXX, NO. XXX, SEPTEMBER 1, 2026 3

(human!animal) and rely on a human reference. Other ap-
proaches attempted to scale across multiple morphologies
using topology-speci�c modules [9], [27]. Motion2Motion
[28] introduced a recent learning-based baseline for cross-
morphology motion transfer using patchwise motion matching
with sparse bone correspondences. In contrast, our method
enables scalable, bidirectional, all-to-all transfer across mor-
phologies without explicit skeletal correspondences, or map-
ping motions to a �xed human reference, while preserving
target-speci�c style.

Discrete motion representations & phase alignment:
Recent work has explored discrete and phase-aware motion
representations primarily for motion generation, control, or
semantic alignment rather than explicit retargeting. MoGlow
[29] modeled human motion using continuous latent �ows,
while MotionDreamer [30] and CoMo [31] discretized mo-
tion into codebook representations for controllable synthesis.
Phase-centric approaches such as WalkTheDog [8] aligned
locomotion semantics across humans and dogs via shared
phase manifolds. These approaches enable indirect alignment
typically assuming canonical reference or phase latent spaces,
but do not perform direct skeleton-to-skeleton retargeting
across heterogeneous morphologies. Related phase-aware em-
beddings [4], [6] improved robustness for human locomotion
but remain limited to homeomorphic skeletons.

Non-human motion generation and control: Recent gen-
erative models condition motion synthesis on skeletal struc-
ture to support arbitrary topologies. AnyTop [17] conditioned
diffusion models on skeletal graphs and joint descriptors to
synthesize motion for unseen skeletons. Motion Anything
[32] targeted multimodal “any-to-motion” generation with
multimodal conditioning and attention-based mask modeling.
Other works adapted text-to-motion pipelines to non-human
characters [2], [33], [34], focusing on motion generation
from scratch. Single-sequence generative methods such as
GANimator [10] and SinMDM [11] further demonstrated that
diverse non-human motions can be synthesized from limited
motion data, but they do not perform motion transfer between
morphologically different source and target characters. Be-
yond generative approaches, motion-control methods have also
been developed speci�cally for non-human characters. Mode-
Adaptive Neural Networks (MANN) [35], for example, intro-
duced phase-conditioned gating for quadruped control learned
from unstructured data. While these generation and control
approaches address different animation tasks, neither directly
targets cross-morphology motion retargeting with target-style
preservation, which is the focus of our work.

Physics-based retargeting and character control: Re-
inforcement learning and physics priors have been applied
to retarget sparse human motion to non-human morpholo-
gies, emphasizing balance, contact, and physical realism via
plausible control policies [36]. ACE [37] introduced adver-
sarial correspondence embeddings to learn cross-morphology
mappings between human and non-human characters within
a physics-based control framework, enabling robust human-
to-animal retargeting without hand-designed joint correspon-
dences. In contrast, related physics-based character-control
methods such as AMP [1] learned adversarial motion priors

for producing stylized and physically plausible behaviors,
rather than explicitly addressing cross-morphology retargeting
or correspondence learning. While such methods emphasize
balance, contact, and physical realism, they often sacri�ce
kinematic and stylistic �delity. Our work is complementary:
we focus on kinematic retargeting with morphology-speci�c
style preservation, while physics-based methods can serve as
downstream controllers or constraints.

III. METHODOLOGY

The core challenge of cross-morphology motion transfer is
twofold: (i) achieving semantic or content alignment (e.g.,
ensuring a dog runs when a human runs) without relying
on shared skeletal structures, and (ii) ensuring morphological
adaptation or style preservation, where the output motion re-
spects the physical constraints and style of the target creature.

To address this, we propose a framework that decouples
motion content from skeletal topology. Unlike prior meth-
ods such as Walk-the-Dog [8], which aligns motions via a
shared learned phase manifold and require retraining for new
pairs, our approach utilizes a modular any-to-one design that
scales to an all-to-all system. We de�ne a set of universal,
morphology-agnostic control signals (e.g., velocity, relative
height) that act as the common language between morpholo-
gies.

Our method learns a generative model of motion through a
two-stage process (Figure 2):

1) Morphological Adaptation (Motion Generator). We
train a morphology-speci�c VQ-VAE to learn a discrete
vocabulary of valid poses for the target character. This
effectively compresses the continuous pose space into a
compact codebook of stylistic priors.

2) Semantic Alignment (Autoregressive Predictor). We
train a sequence model to learn the grammar of the
motion, predicting how these discrete pose tokens are
used over time conditioned on the universal control sig-
nals. This model effectively learns the temporal dynamics
of the motion by generating sequences of these discrete
codes over time, conditioned on the control signals.

This separation allows us to train a distinct model for each
target morphology once. At inference, control signals extracted
from any source morphology can be fed into the target's
predictor, achieving transfer without explicit source-target
pairing or retraining. Each target morphology therefore learns
an independent VQ-VAE and morphology-speci�c codebooks;
semantic alignment across morphologies is achieved exclu-
sively through the shared morphology-agnostic control signals
rather than through a shared latent representation or shared
codebooks.

A. Dataset and Preprocessing

We employ three primary datasets in our study: the dog
motion database introduced by Zhang et al. [35], the human
locomotion database from Starke et al. [38], and the zoo
dataset used in Gat et al. [17]. While the dog and human
datasets provide extensive coverage of their respective motion
domains, the zoo dataset is comparatively limited in scope
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Fig. 2: Overview of the two-stage training pipeline. (Left) Stage 1: Motion Generator. We train a skeleton-aware VQ-VAE to
reconstruct full root-relative motion M and root trajectory R from sparse inputs Ms and skeletal offsets S. This stage learns
a discrete, morphology-speci�c codebook C that captures the valid pose manifold. (Right) Stage 2: Autoregressive Code
Predictor. The Motion Generator is frozen (indicated by lock icons), and it processes the input motion to provide ground-truth
code indices from codebook C. The predictor learns to forecast these indices autoregressively using a secondary, lightweight
codebook C0, conditioned on extracted control signals. The interaction between stages is explicitly enforced by minimizing the
cross-entropy loss (dashed line).

and size. To mitigate this imbalance, we apply data augmen-
tation techniques, including spatial mirroring and applying
random rotations to the root orientation of input motions to
improve robustness. In certain cases, we also use synthetic
motion generation via generative models [10]; the proportion
of augmented data did not exceed 50 % of the total samples
for any species. Consequently, our combined database offers a
diverse collection of human locomotion and a comprehensive
set of dog movements, but it contains a more constrained set
of motions for other animal species. The �nal durations of our
dataset are: 82 minutes of dog motion, 78 minutes of human
motion, 10 minutes of ostrich motion, and 90 seconds each
for T-Rex, scorpion, monkey, and dragon motions. Note that
for these latter species, the dataset only contains a limited
set of fundamental locomotion behaviors, including walking,
running, turning, and idle motions.

Most available zoo datasets, which primarily consist of
cyclic keyframed motions, lack translational components and
thus loop in place, making them dif�cult to use directly
in our implementation. Since a core element of our control
signals is the velocity vector (to be discussed later in this
section), critical for both interpreting the performed action and
transferring it to the target character, we arti�cially introduce
global translation into the motion capture sequences of the
ostrich, T-Rex, scorpion, monkey, and dragon using a foot-
contact-based approach. Speci�cally, we detect foot-contact
events, frames in which a foot remains stationary relative to
the ground, and use them to anchor the feet in world space.
The root joint is then advanced forward to ensure the feet
remain planted, thereby generating forward translation. We
de�ne synthetic paths for our creatures to follow, but this
procedure often introduces artifacts such as misalignments
and foot sliding, especially during turns and side-walking. To
address these issues, we apply inverse kinematics (IK), which
reduces residual misalignments and minimizes foot sliding.
Note that earlier methods [17], [28] do not incorporate root
translations in their zoo database and reconstructions.

B. Motion Representation

Our method processes motion sequences of length T for a
skeleton with J joints. We decompose the motion into three
components: the static skeleton structure, the root-relative
pose, and the root's global motion.

Static Skeleton Structure: A tensor S 2 RJ�3 containing
the 3D offset vectors that de�ne each joint's local position in
the bind pose relative to its parent. This creates a hierarchical
representation of the skeleton's proportions.

Root-relative Motion: The motion tensor M 2 RT �J�9 ,
which contains the per-frame local positions (3D) and rotations
(6D) of all joints, expressed within the root's coordinate
system. This component captures the body's articulation, in-
dependent of its global trajectory. The sparse input to our
generator, Ms 2 RT �J s �9 , is a subset of M corresponding
to Js joints, where the subset is determined automatically by
the skeletal hierarchy after the B = 3 pooling operations
described below. The root and leaf joints are preserved during
pooling and are therefore always included, while additional
intermediate joints may remain for more complex skeletal
hierarchies. Consequently, Js is morphology-dependent and
does not require manually de�ned correspondences or a �xed
set of semantic end-effectors. Additionally, a lightweight root
proxy containing the root velocity magnitude, pelvis height,
and yaw angular velocity is included as input. Unlike the full
root trajectory, these signals provide local motion cues without
introducing global orientation information, allowing the latent
representation to remain largely invariant to the absolute root
orientation while improving consistency between root motion
and body pose.

Root Motion: The root's trajectory R 2 RT �9 , which
stores the root joint's 3D displacement and 6D rotation relative
to the previous frame.

For all rotational data in M and R, we use the 6D
representation [39] consisting of the �rst two columns of the
rotation matrix. This representation avoids the discontinuity
issues associated with quaternions and has been shown to be
more effective for training neural networks on rotational data.
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C. Stage 1: Motion Generator

The Motion Generator is a skeleton-aware Vector Quantized
Variational Autoencoder (VQ-VAE). Its primary objective is
to learn a morphology-speci�c codebook that captures the
valid pose manifold of the target creature, effectively solving
the problem of morphological adaptation. To construct this
morphology-speci�c representation, we adapt the sparse-to-
dense framework of SparsePoser [40], designed to reconstruct
the full root-relative pose M from its sparse counterpart Ms

(typically the end-effectors). This reconstruction task acts as
a powerful regularizer, compelling the encoder to learn a
semantically meaningful latent representation rather than a
trivial one-to-one mapping. By forcing the model to infer
the complete pose from sparse information, it must capture
the underlying kinematic constraints and correlations of the
skeleton. This leads to a more structured and robust codebook
of plausible poses.

To capture the hierarchical nature of the skeleton, we
process it as a graph across B resolution levels (with B = 3
in our experiments). We employ skeletal pooling to iteratively
collapse consecutive joints, progressively coarsening the graph
while preserving the root and leaf joints. After the three pool-
ing operations, the joints remaining at the coarsest resolution
de�ne the morphology-speci�c sparse joint set used in Ms;
depending on the complexity of the hierarchy, this set may
also contain intermediate joints. This multi-scale approach
allows the network to capture kinematic features at varying
granularities while downsampling the temporal dimension.

The generator comprises three modules, each utilizing B
blocks:

1) Static Encoder (se): To handle skeletal variations (e.g.,
different limb lengths within a species), we explicitly
model the bone structure. The encoder takes the static
offsets S and processes them through B blocks of
skeletal pooling operations. Crucially, at each level l 2
f0; : : : ; Bg, we extract a static feature map Fl . These
features are injected into the decoder via concatenation,
allowing the learned codebook to remain agnostic to
speci�c bone lengths while the decoder adapts the motion
to the speci�c skeleton geometry S.

2) Dynamic Encoder (de): This module maps the contin-
uous sparse motion Ms to a discrete latent sequence.
It employs temporal skeletal 1D-convolutions where the
weight matrix is masked to only allow in�uence between
topologically neighboring joints. We use a temporal stride
of 2 at each of the B blocks. This design choice explicitly
imposes temporal compression, resulting in a latent rep-
resentation Z 2 R

T
2B �L that is temporally downsampled

by a factor of 2B (i.e., 8� smaller for B = 3). This
downsampling increases the receptive �eld, allowing each
code to represent a short motion primitive rather than a
single static pose.

3) Decoder (d): The decoder reconstructs the full motion M
from the discrete latents and the static features. It mirrors
the encoder's hierarchy, but using skeletal unpooling and
linear temporal upsampling to recover the full motion. At
each level l, the static features Fl are concatenated with

the dynamic features, ensuring the reconstructed motion
is physically consistent with the input skeleton S.

We introduce three key modi�cations to the original ar-
chitecture to enable robust cross-morphology transfer. First,
we operate primarily in a root-relative space. The global
root transformation is omitted from M, allowing the latent
representation to focus on the body pose rather than the
absolute trajectory. As described in Section III-B, the encoder
additionally receives a lightweight root proxy that provides
coarse motion dynamics.

Second, we modify the architecture by replacing the con-
tinuous bottleneck with a Vector Quantization (VQ) layer.
In contrast to continuous latent models like MoGlow [29],
which can produce artifacts by interpolating between distinct
behaviors, our approach discretizes motion into a learnable
codebook C 2 RN�L , where N is the number of codes,
and L is the dimensionality of each latent embedding. Each
latent vector zi is mapped to its nearest codebook entry ck

(where k = arg minj kz i � c j k2
2). This discretization serves

two critical purposes: (1) it restricts the generated motion to
a set of valid motion sequences, ensuring the output always
synthesizes a plausible pose for the target creature; and (2) due
to the encoder's temporal stride, each code ck encapsulates a
temporal sequence (a sequence of 2B frames) rather than a
static pose. This abstraction promotes temporal coherence and
allows the subsequent autoregressive model to predict high-
level motion dynamics rather than per-frame jittery results.

Finally, we condition the decoder on the global heading
information to recover the complete motion. To recover the full
root trajectory while maintaining consistency with the body
pose, the heading sequence is �rst temporally downsampled
to match the latent resolution and concatenated with the
sampled codebook vectors. A lightweight projection MLP
network maps the resulting feature vector to the dimensionality
expected by the �rst decoder layer, after which the decoder
reconstructs the complete motion, including both the body
pose motion M and the global root trajectory R. Conditioning
the decoder in this manner allows root motion and body pose
to be predicted jointly, improving their temporal consistency.

D. Stage 2: Autoregressive Code Predictor

While Stage 1 learns the codebook of valid poses, Stage
2 learns how to use the codebook of motion sequences to
achieve semantic alignment with the control signals. We em-
ploy an autoregressive recurrent model to predict per-timestep
categorical distributions over the learned codebook indices.

Decoupled Codebooks. The predictor operates on a sec-
ondary, lower-dimensional codebook C0 2 RN�L 0

(where
L 0 < L). Crucially, C0 shares the same categorical index space
f1; : : : ; Ng as the primary codebook C. This ensures a strict
1-to-1 correspondence during inference: an index k predicted
by the autoregressive model using the lightweight codebook C0

is used to retrieve the corresponding high-�delity pose embed-
ding from the primary codebook C for �nal reconstruction. We
denote by c0k the k-th entry of the secondary codebook C0, and
by e0

t the time-indexed embedding used by the autoregressive
predictor at timestep t.
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Using a separate codebook C0, with reduced dimensionality
(L 0 = 128), allows the autoregressive model to focus on the
temporal dynamics and ordinal relationships between codes,
rather than the �ne-grained kinematic details embedded in
C (L = 512), which leads to faster convergence and better
adherence to control signals.

Although each target morphology learns an independent
morphology-speci�c codebook, the predicted code indices
are driven by the same morphology-agnostic control signals.
These shared signals provide a common behavioral interface
across morphologies, allowing each target model to select
motion codes that are semantically consistent with the source
behavior, such as locomotion, turning, sitting, or lying down,
without requiring a shared latent embedding or aligned code-
book across morphologies.

Universal Control Signals: The model is conditioned on a
set of morphology-agnostic control signals designed to capture
the high-level intent of the motion. This control vector I
includes the root's velocity and acceleration magnitudes, its
yaw angular velocity and angular acceleration, and the
normalized heights of the root and head joints relative to
a canonical standing pose. To ensure semantic consistency
across morphologies, the angular velocity is derived from the
root's rotation about the vertical axis for bipeds, and from
the orientation of the root-to-chest vector (projected onto the
ground plane) for quadrupeds. Note that our control sequence
vector is kept deliberately simple to facilitate more robust
matching. All signals are smoothed using a Gaussian �lter.

Since these control signals are extracted directly from physi-
cally plausible source motions, mutually con�icting inputs are
uncommon in practice. Nevertheless, if inconsistent control
signals arise, e.g., a low body-height signal combined with
a high running velocity, the predictor may generate seman-
tically ambiguous motions. Such cases were not observed in
our experiments; however, if needed, additional morphology-
speci�c control signals can be incorporated to better constrain
the target behavior.

Optional Phase Alignment: For tasks requiring precise
phase alignment, the speed and acceleration signals can be
replaced with binary foot contact labels. This substitution is
motivated by the observation that similar kinematic pro�les
(e.g., comparable speeds and accelerations) across differing
morphologies do not necessarily imply consistent gait phase
alignment, and may therefore be disregarded by the model
or even lead to failure. For each morphology, we de�ne
a �xed ordered list of foot joints, and the corresponding
target model contains one foot-contact input channel per target
foot. During training, individual foot-contact channels are
randomly masked, allowing the predictor to operate when
only partial contact information is available at inference
time. When transferring between morphologies with different
numbers of feet, we use the �rst N = min(Nsource; N target)
contact channels according to these prede�ned orderings. If
the source has fewer feet than the target, the remaining target
contact channels are masked; if the source has more feet, the
additional source channels are discarded. Thus, this optional
phase-control mechanism uses a simple deterministic channel
assignment rather than requiring explicit semantic foot-to-foot

correspondences.
Sequence Modeling: The synthesis process begins by en-

coding the control signals with a CNN to match the latent
code's temporal resolution, yielding I 2 R

T
2B �H , where H

denotes the encoded control sequence dimensionality. At each
latent timestep t, a Gated Recurrent Unit (GRU) models the
temporal dynamics of the motion. We chose a GRU for its
proven effectiveness in capturing long-term dependencies in
sequential data. Its gating mechanism allows the model to gen-
erate coherent, long-term motion by selectively remembering
or forgetting information about past poses. The input to the
GRU is a single large vector, xt , formed by concatenating two
sliding windows: 1) a window of the W most recent encoded
control signals fit�W +1 ; :::; i t g, and 2) a window of the W
most recent past pose embeddings fe0

t�W ; :::; e0
t�1 g. These

pose embeddings e0 are the L0-dimensional vectors looked
up directly from the secondary codebook C0. This allows the
model to predict the next action based on a rich history of
recent controls and poses. A Multilayer Perceptron (MLP)
then converts the GRU's output into logits, representing a
probability distribution over the codebook entries in C0 for
the next pose.

Training Details: To train this predictive process, we
employ the Gumbel-Softmax trick, which provides a differ-
entiable approximation for sampling discrete codes from the
model's predicted logits, enabling end-to-end training. For
stability, we use a mixed-input strategy: the embedding passed
to the next timestep is a mix of the model's own Gumbel-
Softmax sample and the ground-truth code. This form of
scheduled teacher-forcing prevents the compounding of errors
during training and improves convergence by keeping the
model grounded in the correct motion history.

E. Training

Training proceeds in two distinct stages. First, we train the
Motion Generator to learn a robust and discrete pose prior.
Second, we freeze the generator's weights and train the Au-
toregressive Code Predictor to model the temporal dynamics
of the pose indices. In the following, we detail the network
con�guration used for both stages and the corresponding
optimization objectives.

1) Network Architectures: Motion Generator. The dy-
namic encoder (de) uses three stages of skeleton-aware convo-
lutions with a temporal stride of 2 and LeakyReLU activations,
resulting in an 8 times temporal downsampling of the sparse
motion Ms. The primary codebook C contains N = 512 en-
tries, each with a dimensionality of L = 512. The decoder (d)
mirrors this architecture, using skeleton-aware convolutions
with temporal upsampling at each stage. Before decoding, the
heading information is temporally downsampled and concate-
nated with the quantized latent representation. A lightweight
MLP projects the resulting feature vector to the dimensionality
expected by the decoder, which then reconstructs the complete
motion sequence including both body pose motion and root
trajectory.

Autoregressive Code Predictor. The control signals are
�rst downsampled to match the Motion Generator temporal
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rate using a CNN, producing the encoded control sequence
I 2 R

T
2B �H . The predictor itself is a 2-layer GRU with a

hidden dimension of 512 that processes a sliding window of
the W = 4 most recent VQ embeddings concatenated with the
corresponding control embeddings. The secondary codebook
C0 has N = 512 entries (sharing the same indices as C) but
a smaller dimensionality of L0 = 128. The GRU output is
passed to an MLP that produces logits over the N = 512
codebook entries.

2) Training Objectives: Stage 1: Motion Generator. The
generator is trained to optimize a combined reconstruction and
vector quantization objective:

L gen = L recon+ �L commit

The reconstruction loss Lrecon is the mean squared error for
both the root-relative pose and the global root motion:

L recon = k M̂ � Mk 2
2 + k R̂ � Rk 2

2

The commitment loss Lcommit encourages the encoder's output
Z to stay close to the chosen codebook vectors c:

L commit = kZ � sg[c]k 2
2

where sg is the stop-gradient operator. We do not use a separate
codebook loss as commonly used in VQ-VAE architectures;
instead, the codebook C is updated via an Exponential Moving
Average (EMA). We also employ codebook resets to reinitial-
ize unused codes to random encoder latents from the current
batch.

Stage 2: Autoregressive Code Predictor. With the gen-
erator frozen, the predictor is trained to minimize the cross-
entropy (CE) loss between its predicted logits and the ground-
truth indices yt from the generator's codebook C:

L autoreg=

T
2BX

t=1

CE
�
f � (h t ); yt

�

Here, f� is the output MLP, and the GRU hidden state ht is
computed autoregressively:

h t = GRU(x t ; h t�1 )

where the input vector xt is a concatenation of two sliding
windows:

x t = [i t�W +1:t ; e0
t�W :t�1 ]

i t�W +1:t represents the window of the W most recent encoded
control signals (from I), and e0t�W :t�1 is the window of the
W past time-indexed pose embeddings from C0. Note that
e0

t�W :t�1 is projected to the embedding dimension using an
MLP.

The embedding e0t (which will be used in the window for
x t+1 ) is computed using a mixed strategy for teacher-forcing:

e0
t = v t � W C0

where WC0 is the weight matrix of the codebook C0, and vt

is a one-hot vector selected as:

v t =

(
vgt with probability 0:8
vgs otherwise

Here, vgt is the one-hot vector of the ground-truth index yt ,
and vgs is the one-hot vector from the Gumbel-Softmax sample
of the model's own logits. This multiplication vt � W C0 is an
ef�cient way of selecting the correct embedding vector from
the codebook C0.

F. Inference Setup

As illustrated in Figure 3, during inference, we provide a
sequence of control signals from a source motion (which can
be of any morphology). These signals are fed to the target
character's trained Autoregressive Code Predictor. The model
generates motion autoregressively, one timestep at a time.

At each timestep t:

1) The GRU's input vector xt is assembled by concatenating
the window of recent control signals fit�W +1 ; :::; i t g
with the window of past generated pose embeddings
fe 0

t�W ; :::; e0
t�1 g.

2) The GRU processes xt and (via the MLP) predicts logits
for the current pose.

3) An argmax operation is performed on these logits to
select the single, most likely code index, ŷt .

This index ŷt is then used to retrieve two separate vectors:
(1) The pose embedding cŷ t is retrieved from the primary
codebook C and passed to the Motion Generator's Decoder.
(2) The context embedding c0

ŷ t
is retrieved from the secondary

codebook C0 and stored in the buffer to be used as input for
the next step (i.e., it becomes e0

t in the window for xt+1 ).
Thus, during inference, e0t = c 0

ŷ t
.

Finally, the Decoder uses the pose embedding cŷ t and the
current control signal it to reconstruct the �nal root-relative
pose M and root motion R. This process allows motions
from any source morphology to drive the synthesis of stylis-
tically consistent motion on any trained target morphology.
Importantly, the sparse representation Ms is used only during
the morphology-speci�c training of the Motion Generator and
does not de�ne correspondences between source and target
joints at inference. Consequently, target joints or limbs without
a counterpart in the source morphology, such as wings, tails, or
additional legs, are reconstructed by the target-speci�c decoder
according to the learned target motion prior and do not require
explicit source-joint mappings.

IV. RESULTS AND EVALUATION

We evaluate our framework across a wide range of het-
erogeneous morphologies, focusing on three key aspects: (i)
semantic �delity in cross-domain motion transfer, (ii) kine-
matic and physical plausibility, and (iii) controllability through
user-adjustable cues. We compare our method against three
baselines: an adapted version of the skeleton-aware approach
of Aberman et al. [7], Walk-the-Dog, a framework speci�cally
designed for human-to-dog motion transfer [8], and Mo-
tion2Motion (M2M), a recent method for cross-topology mo-
tion transfer based on sparse skeletal correspondences [28]. We
provide both quantitative and qualitative evaluations through
numerical comparisons, visualizations of trajectories, foot con-
tacts, and style transfer across morphologies.
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Fig. 3: Inference Pipeline. The Autoregressive Code Predictor generates a sequence of discrete indices based on input
control signals (which can originate from any source morphology). These predicted indices serve as lookup keys to retrieve
the corresponding high-�delity embeddings from the primary codebook C. The Motion Generator's decoder then reconstructs
the full root-relative pose M and global root motion R using these retrieved codes and the target's static skeletal features,
ensuring the synthesized motion adheres strictly to the target's learned morphological priors.

Fig. 4: Cross-Morphology Motion Transfer with Semantic
Alignment. The top example illustrates motion transfer from
a human sitting to a dog, while the bottom example shows the
inverse transfer from a dog sitting to a human. Green skeletons
denote the source (input) motion, and purple skeletons denote
the transferred (output) motion.

A. Implementation details

Our system is implemented in PyTorch using the AdamW
optimizer, and was trained on motion datasets spanning hu-
mans, quadrupeds, and birds. The two-stage pipeline �rst
learns compact morphology-speci�c codebooks with VQ-
VAE, followed by autoregressive sequence modeling for long-
horizon synthesis. Training is performed on an RTX 2080
Ti GPU with a batch size of 128 and a learning rate of
10�3 . The Motion Generator is trained on 128-frame-long
sequences from the dataset with a stride of 16. During the
training of the Autoregressive Code Predictor, this window
length is set to 256 frames. Training each target-speci�c
model requires approximately 10 hours across both training
stages. During inference, the isolated neural path synthesizes
motion at approximately 8000 FPS. The full pipeline including
input pre-processing and control signal extraction runs at
approximately 3000 FPS, enabling ef�cient generation of long
sequences. Visualizations are made in Blender.

B. Quantitative and Qualitative Evaluation

1) Cross-Morphology Transfer: Our method achieves se-
mantic alignment without requiring explicit joint correspon-

dences, using morphology-agnostic signals (e.g., velocity, an-
gular velocity, and relative height). Figure 4 shows a cross-
morphology transfer of a sitting motion between a human and
a dog, demonstrating our method's capability for bi-directional
semantic alignment across domains. Figures 1 and 6 show-
case additional examples of all-to-all, cross-domain motion
transfer among humans, dogs, and ostriches, demonstrating
consistent semantic and stylistic alignment.

We further demonstrate the scalability of our framework
by extending it to a wider range of morphologies. As shown
in Figure 5, an input dog motion is successfully transferred to
characters with substantially different body structures, skeletal
proportions, and numbers of control points, including a human,
ostrich, T-Rex, dragon, scorpion, and monkey. Despite these
signi�cant anatomical differences, the transferred motions
preserve the original action semantics while naturally adapting
to the locomotion characteristics of each target character.
This demonstrates that additional target morphologies can be
incorporated by training their corresponding target-speci�c
models without retraining the previously learned character
models.

Importantly, the transferred motion also preserves target-
speci�c characteristics. Since each target morphology learns
its own codebook and motion prior, the source control signals
determine the high-level behavior without imposing the source
morphology's movement style on the target. Therefore, dogs
behave like dogs, ostriches retain species-speci�c traits (e.g.,
wing-raising during running), humans maintain human-like
motion, etc. Figure 7 demonstrates this concept, showing how
a human running and jumping motion can be transferred to a
dog in a semantically similar way.

Beyond these examples, our method can also transfer a
source motion to a target species even when no semantically
similar motion exists in the target's training corpus. For
instance, Figure 8 shows a human push-up motion transferred
to the dog domain, despite push-ups not appearing in the dog
training data. In this case, the normalized head helps associate
the low body con�guration of the human push-up with the
dog's lying posture, while distinguishing it from sitting. Please
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