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Cross-Morphology Motion Transfer with Semantic
Style Alignment

Alexios Mylordos , Jose Luis Ponton , Nuria Pelechano

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

NIMATING 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 [T} 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
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(human!animal) and rely on a human reference. Other apfor producing stylized and physically plausible behaviors,
proaches attempted to scale across multiple morphologiather than explicitly addressing cross-morphology retargeting
using topology-speci ¢ modules| [9],[ [27]. Motion2Motionor correspondence learning. While such methods emphasize
[28] introduced a recent learning-based baseline for crosmlance, contact, and physical realism, they often sacrice
morphology motion transfer using patchwise motion matchingnematic and stylistic delity. Our work is complementary:
with sparse bone correspondences. In contrast, our methagl focus on kinematic retargeting with morphology-speci ¢
enables scalable, bidirectional, all-to-all transfer across matyle preservation, while physics-based methods can serve as
phologies without explicit skeletal correspondences, or magewnstream controllers or constraints.

ping motions to a xed human reference, while preserving

target-speci c style. I1l. METHODOLOGY

Discrete motion representations & phase alignment:  The core challenge of cross-morphology motion transfer is
Recent work has explored discrete and phase-aware motigRyfold: (i) achieving semantic or content alignment (e.g.,
representations primarily for motion generation, control, Qfnsuring a dog runs when a human runs) without relying
semantic alignment rather than explicit retargeting. MoGlogy, shared skeletal structures, and (i) ensuring morphological
[29] modeled human motion using continuous latent owSygaptation or style preservation, where the output motion re-
while MotionDreamer [[30] and CoMd_[31] discretized MOgpects the physical constraints and style of the target creature.
tion into codebook representations for controllable synthesis.tg aqdress this, we propose a framework that decouples
Phase-centric approaches such as WalkTheDog [8] alignegiion content from skeletal topology. Unlike prior meth-
Iocomotion_semantics across humans and _do_gs via_sha&g such as Walk-the-Dog [8], which aligns motions via a
phase manifolds. These approaches enable indirect alignmgiired learned phase manifold and require retraining for new
typically assuming canonical reference or phase latent SPaGers, our approach utilizes a modular any-to-one design that
but do not perform direct skeleton-to-skeleton retargetinggles to an all-to-all system. We de ne a set of universal,
across heterogeneous morphologies. Related phase'awarerﬁB?'phoIogy-agnostic control signals (e.g., velocity, relative
beddings [4], [6] improved robustness for human Iocomotio,qbight) that act as the common language between morpholo-
but remain limited to homeomorphic skeletons. gies.

Non-human motion generation and control: Recent gen- — our method learns a generative model of motion through a
erative models condition motion synthesis on skeletal strugro-stage process (Figure 2):
ture to support arbitrary topologies. AnyTop [17] conditioned 1) Morphological Adaptation (Motion Generator). We
diffusion models on skeletal graphs and joint descriptors to train a morphology-speci ¢ VQ-VAE to leamn a discrete
synthesize motion for unseen skeletons. Motion Anything vocabulary of valid poses for the target character. This

[32} _targe}ed rg_u_ltlm_odal dany-to-_motg) n 3ener'cll(t|0n dwl'_th effectively compresses the continuous pose space into a
multimodal conditioning and attention-based mask modeling. compact codebook of stylistic priors.

Other works adapted text-to-motion pipelines to non-humar,y gemantic Alignment (Autoregressive Predictor). We
characters [2], [33], [34], focusing on motion generation * ..~ - sequence model to learn the grammar of the

from_scratch. Single-gequence generative methods such as motion, predicting how these discrete pose tokens are
G_AN|mator [10] and S'”MDM [11] further der_nonstrated_thgt used over time conditioned on the universal control sig-
dlve_rse non-human motions can be synthe5|zed from limited nals. This model effectively learns the temporal dynamics
motion data, but they do not perform motion transfer between of the motion by generating sequences of these discrete

morphologically different source and target characters. Be- codes over time, conditioned on the control signals.
yond generative approaches, motion-control methods have a.ﬁ]o

been developed speci cally for non-human characters. Modte- 1S tsepara;lc;n allows u:t .tof frain a d'S“tnCIt model,'l fort eatcfzj
Adaptive Neural Networks (MANN) [35], for example, intro- arget morphology once. At inference, control signa's extracte

duced phase-conditioned gating for quadruped control Iearr{ n any source morphology can be fed_ |_nto the target's
dictor, achieving transfer without explicit source-target

from unstructured data. While these generation and contf§f

approaches address different animation tasks, neither dired¥ :Inn dgeog;Zt;ﬁ;n\'/rg_'via;gr:zr?ne;rmhogﬁ; hOI.C;g)éé?irS:,?jreebfsg?
targets cross-morphology motion retargeting with target-st m ntip lianment acr m rph I g?y ? hieved ex I,
preservation, which is the focus of our work. semantic alignment across morpnologies 1s achieved exclu

Physics-based retargeting and character control: Re- sively through the shared morphology-agnostic control signals

inforcement learning and physics priors have been appli(ra%ther than through a shared latent representation or shared

to retarget sparse human motion to non-human morphoFonebOOkS'

gies, emphasizing balance, contact, and physical realism via ]

plausible control policies [36]. ACE [37] introduced adverA- Dataset and Preprocessing

sarial correspondence embeddings to learn cross-morphologyWe employ three primary datasets in our study: the dog
mappings between human and non-human characters withintion database introduced by Zhang et al. [35], the human
a physics-based control framework, enabling robust humdoeomotion database from Starke et al. [38], and the zoo
to-animal retargeting without hand-designed joint correspodataset used in Gat et al. [17]. While the dog and human
dences. In contrast, related physics-based character-contiathsets provide extensive coverage of their respective motion
methods such as AMP [1] learned adversarial motion priod®mains, 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 &hd skeletal offsets S. This stage learns

a discrete, morphology-speci ¢ 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 € 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 augmed- Motion Representation

tation techniques, including spatial mirroring and applying o hod . £l hTf
random rotations to the root orientation of input motions to ur method processes motion sequences of lengt ora

improve robustness. In certain cases, we also use synthSfg/€ton With J joints. We decompose the motion into three

motion generation via generative models [10]; the proporticﬁ?mponemS: the static skeleton structure, the root-relative

of augmented data did not exceed 50% of the total samp%%se' and the root's global motion.

for any species. Consequently, our combined database offers 8tatic Skeleton Structure: A tensor S 2 R containing -
diverse collection of human locomotion and a comprehensitf€ 3D offset vectors that de ne each joint's local position in
set of dog movements, but it contains a more constrained thg bind pose relative to its parent. Th|§ creates a hierarchical
of motions for other animal species. The nal durations of ouiePresentation of the skeleton's proportions.
dataset are: 82 minutes of dog motion, 78 minutes of humanRoot-relative Motion: The motion tensor M 2
motion, 10 minutes of ostrich motion, and 90 seconds ea#ffiich contains the per-frame local positions (3D) and rotations
for T-Rex, scorpion, monkey, and dragon motions. Note théD) of all joints, expressed within the root's coordinate
for these latter species, the dataset only contains a limité¢stem. This component captures the body’s articulation, in-

set of fundamental locomotion behaviors, including walkinglependent of its global trajectory. The sparse input to our
running, turning, and idle motions. generator, M 2 RTJ s° | 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
Most available zoo datasets, which primarily consist atescribed below. The root and leaf joints are preserved during

cyclic keyframed motions, lack translational components af@oling and are therefore always included, while additional
thus loop in place, making them dif cult to use direcﬂyintermediate joints may remain for more complex skeletal
in our implementation. Since a core element of our contrfjerarchies. Consequentlys Js morphology-dependent and
signals is the velocity vector (to be discussed later in thi§es not require manually de ned correspondences or a xed
section), critical for both interpreting the performed action anget of semantic end-effectors. Additionally, a lightweight root
transferring it to the target character, we arti cially introducd®roxy containing the root velocity magnitude, pelvis height,
global translation into the motion capture sequences of tABd yaw angular velocity is included as input. Unlike the full
ostrich, T-Rex, scorpion, monkey, and dragon using a fod@ot trajectory, these signals provide local motion cues without
contact-based approach_ Speci Ca”y’ we detect foot_contdB{rOdUCing glObal orientation information, aIIOWing the latent
events, frames in which a foot remains stationary relative fgpresentation to remain largely invariant to the absolute root
the ground, and use them to anchor the feet in world Spa@éi_entation while improving consistency between root motion
The root joint is then advanced forward to ensure the fedfd body pose.
remain planted, thereby generating forward translation. WeRoot Motion: The root's trajectory R 2 R"° , which
de ne synthetic paths for our creatures to follow, but thistores the root joint's 3D displacement and 6D rotation relative
procedure often introduces artifacts such as misalignmeifsthe previous frame.
and foot sliding, especially during turns and side-walking. To For all rotational data in M and R, we use the 6D
address these issues, we apply inverse kinematics (IK), whigpresentation [39] consisting of the rst two columns of the
reduces residual misalignments and minimizes foot slidingptation matrix. This representation avoids the discontinuity
Note that earlier methods [17], [28] do not incorporate roassues associated with quaternions and has been shown to be
translations in their zoo database and reconstructions. more effective for training neural networks on rotational data.

RTJ9
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C. Stage 1: Motion Generator the dynamic features, ensuring the reconstructed motion

The Motion Generator is a skeleton-aware Vector Quantized is physically consistent with the input skeleton S.

Variational Autoencoder (VQ-VAE). Its primary objective is e introduce three key modi cations to the original ar-
to learn a morphology-speci ¢ codebook that captures tigbitecture to epabk_a rqbust cross-mqrphology transfer. First,
valid pose manifold of the target creature, effectively solvin§f® OPerate primarily in a root-relative space. The global
the problem of morphological adaptation. To construct thif0t transformation is omitted from M, allowing the latent
morphology-speci ¢ representation, we adapt the Sparse_{@presentatlpn to focus on'the .body pose rather than the
dense framework of SparsePoser [40], designed to reconst@RE0lUte trajectory. As described in Section 11I-B, the encoder
the full root-relative pose M from its sparse counterpart M addmonally_ receives a lightweight root proxy that provides
(typically the end-effectors). This reconstruction task acts §92rs€ motion dynamics. . .
a powerful regularizer, compelling the encoder to learn a S€cond, we modify the architecture by replacing the con-
semantically meaningful latent representation rather thanfiguous bottleneck with a Vector Quantization (VQ) layer.
trivial one-to-one mapping. By forcing the model to infef? contrast to continuous latent models like MoGlow [29],
the complete pose from sparse information, it must captuféich can produce arufacts_ by mterpolatmg petween distinct
the underlying kinematic constraints and correlations of tf¢haviors, our approach discretizes motion into a learnable
skeleton. This leads to a more structured and robust codeb&9€ebook C 2 R" , where N is the number of codes,
of plausible poses. and L is the dlr_nensmnallty of each latent embedding. Each
To capture the hierarchical nature of the skeleton, wWatent vector z is mapped to |2ts nearest codebook entgy ¢
process it as a graph across B resolution levels (with B = §vhere k = argmin kz; ¢ ;k3). This discretization serves
in our experiments). We employ skeletal pooling to iterativelj¥© Critical purposes: (1) it restricts the generated motion to

collapse consecutive joints, progressively coarsening the grapifet Of valid motion sequences, ensuring the output always

while preserving the root and leaf joints. After the three poopyNthesizes a plausible pose for the target creature; and (2) due

ing operations, the joints remaining at the coarsest resolutihthe encoder's temporal stride, each cogeeacapsulates a
de ne the morphology-speci ¢ sparse joint set used insM temporal sequence (a sequence Bf ffames) rather than a

depending on the complexity of the hierarchy, this set m@atic pose. This abstraction promotgs temporal coher(.encel and
also contain intermediate joints. This multi-scale approadiows the subsequent autoregressive model to predict high-
allows the network to capture kinematic features at varyir{'éiVeI motion dynamics rather than per-frame jittery results.

granularities while downsampling the temporal dimension.  Finally, we condition the decoder on the global heading
igformation to recover the complete motion. To recover the full

The generator comprises three modules, each utilizing B X , e X :
blocks: root trajectory while maintaining consistency with the body
. o pose, the heading sequence is rst temporally downsampled
1) Static Encoder (se): To handle skeletal variations (.9t match the latent resolution and concatenated with the
different limb lengths within a species), we explicitlysampbd codebook vectors. A lightweight projection MLP
model the bone structure. The encoder takes the stafigyork maps the resulting feature vector to the dimensionality
offsets S and processes them through B blocks @fnected by the rst decoder layer, after which the decoder
skeletal pooling operations. Crucially, at each level | Zeconstructs the complete motion, including both the body
f0;:::;Bg, we extract a static feature map;FThese nose motion M and the global root trajectory R. Conditioning
features are injected into the decoder via concatenatigfle gecoder in this manner allows root motion and body pose

allowing the learned codebook to remain agnostic @ he predicted jointly, improving their temporal consistency.
speci ¢ bone lengths while the decoder adapts the motion

to the speci c skeleton geometry S.

2) Dynamic Encoder (de): This module maps the continD- Stage 2: Autoregressive Code Predictor
uous sparse motion Mto a discrete latent sequence. While Stage 1 learns the codebook of valid poses, Stage
It employs temporal skeletal 1D-convolutions where thg learns how to use the codebook of motion sequences to
weight matrix is masked to only allow in uence betweerachieve semantic alignment with the control signals. We em-
topologically neighboring joints. We use a temporal stridgloy an autoregressive recurrent model to predict per-timestep
of 2 at each of the B blocks. This design choice explicitlgategorical distributions over the learned codebook indices.
imposes temporal compression, resulting in a latent rep-Decoupled Codebooks. The predictor operates on a sec-
resentation Z2 R¥ " that is temporally downsampledondary, lower-dimensional codebool’ @ RN ’ (where
by a factor of 2 (i.e., 8 smaller for B = 3). This L%<L). Crucially, C°shares the same categorical index space

code to represent a short motion primitive rather thanlato-1 correspondence during inference: an index k predicted
single static pose. by the autoregressive model using the lightweight codeb8ok C

3) Decoder (d): The decoder reconstructs the full motion Ms used to retrieve the corresponding high- delity pose embed-
from the discrete latents and the static features. It mirroding from the primary codebook C for nal reconstruction. We
the encoder's hierarchy, but using skeletal unpooling amttnote by § the k-th entry of the secondary codebodk &hd
linear temporal upsampling to recover the full motion. Aby € the time-indexed embedding used by the autoregressive
each level |, the static featureg re concatenated with predictor at timestep t.
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Using a separate codebooR @ith reduced dimensionality correspondences.
(L% = 128), allows the autoregressive model to focus on the Sequence Modeling: The synthesis process begins by en-
temporal dynamics and ordinal relationships between codesding the control signals with a CNN to match the latent
rather than the ne-grained kinematic details embedded ddde's temporal resolution, yielding | 2 g H , where H
C (L = 512), which leads to faster convergence and bettgenotes the encoded control sequence dimensionality. At each
adherence to control signals. latent timestep t, a Gated Recurrent Unit (GRU) models the
Although each target morphology learns an independaginporal dynamics of the motion. We chose a GRU for its
morphology-speci ¢ codebook, the predicted code indicgsoven effectiveness in capturing long-term dependencies in
are driven by the same morphology-agnostic control signagsquential data. Its gating mechanism allows the model to gen-
These shared signals provide a common behavioral interfagate coherent, long-term motion by selectively remembering
across morphologies, allowing each target model to selegt forgetting information about past poses. The input to the
motion codes that are semantically consistent with the SouIGRU is a single large vector, xformed by concatenating two
behavior, such as locomotion, turning, sitting, or lying dowrsliding windows: 1) a window of the W most recent encoded
without requiring a shared latent embedding or aligned codgontrol signals fiw+1 ;::itg, and 2) a window of the W
book across morphologies. most recent past pose embeddingg\fe ;e g. These
Universal Control Signals: The model is conditioned on apose embeddings®eare the °dimensional vectors looked
set of morphology-agnostic control signals designed to capturg directly from the secondary codebooRk This allows the
the high-level intent of the motion. This control vector Imodel to predict the next action based on a rich history of
includes the root's velocity and acceleration magnitudes, iteecent controls and poses. A Multilayer Perceptron (MLP)
yaw angular velocity and angular acceleration, and the then converts the GRU's output into logits, representing a
normalized heights of the root and head joints relative toprobability distribution over the codebook entries ifi f6r
a canonical standing pose. To ensure semantic consistefigy next pose.
across morphologies, the angular velocity is derived from theTraining Details: To train this predictive process, we
root's rotation about the vertical axis for bipeds, and froramploy the Gumbel-Softmax trick, which provides a differ-
the orientation of the root-to-chest vector (projected onto thgtiable approximation for sampling discrete codes from the
ground plane) for quadrupeds. Note that our control sequenagdel's predicted logits, enabling end-to-end training. For
vector is kept deliberately simple to facilitate more robusitability, we use a mixed-input strategy: the embedding passed
matching. All signals are smoothed using a Gaussian Iter.to the next timestep is a mix of the model's own Gumbel-
Since these control signals are extracted directly from phySjoftmax sample and the ground-truth code. This form of
cally plausible source motions, mutually con icting inputs argcheduled teacher-forcing prevents the compounding of errors
uncommon in practice. Nevertheless, if inconsistent contr@lring training and improves convergence by keeping the
signals arise, e.g., a low body-height signal combined withodel grounded in the correct motion history.
a high running velocity, the predictor may generate seman-
tically ambiguous motions. Such cases were not observed in _ . |
our experiments; however, if needed, additional morphologl: 112ining
speci ¢ control signals can be incorporated to better constrainTraining proceeds in two distinct stages. First, we train the
the target behavior. Motion Generator to learn a robust and discrete pose prior.
Optional Phase Alignment: For tasks requiring preciseSecond, we freeze the generator's weights and train the Au-
phase alignment, the speed and acceleration signals cartdsegressive Code Predictor to model the temporal dynamics
replaced with binary foot contact labels. This substitution &f the pose indices. In the following, we detail the network
motivated by the observation that similar kinematic pro leson guration used for both stages and the corresponding
(e.g., comparable speeds and accelerations) across diffedpgimization objectives.
morphologies do not necessarily imply consistent gait phasel) Network Architectures: Motion Generator. The dy-
alignment, and may therefore be disregarded by the modeimic encoder (de) uses three stages of skeleton-aware convo-
or even lead to failure. For each morphology, we de n&utions with a temporal stride of 2 and LeakyReLU activations,
a xed ordered list of foot joints, and the correspondingesulting in an 8 times temporal downsampling of the sparse
target model contains one foot-contact input channel per targedtion Ms. The primary codebook C contains N = 512 en-
foot. During training, individual foot-contact channels aréries, each with a dimensionality of L = 512. The decoder (d)
randomly masked, allowing the predictor to operate whenirrors this architecture, using skeleton-aware convolutions
only partial contact information is available at inferencwith temporal upsampling at each stage. Before decoding, the
time. When transferring between morphologies with differemteading information is temporally downsampled and concate-
numbers of feet, we use the rst N = min(hburce Ntarge)  Nated with the quantized latent representation. A lightweight
contact channels according to these prede ned orderings.MLP projects the resulting feature vector to the dimensionality
the source has fewer feet than the target, the remaining targepected by the decoder, which then reconstructs the complete
contact channels are masked; if the source has more feet, ti@ion sequence including both body pose motion and root
additional source channels are discarded. Thus, this optiotrajectory.
phase-control mechanism uses a simple deterministic channelutoregressive Code Predictor. The control signals are
assignment rather than requiring explicit semantic foot-to-foost downsampled to match the Motion Generator temporal
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rate usTing a CNN, producing the encoded control sequeridere, v is the one-hot vector of the ground-truth index y

| 2 Rz " | The predictor itself is a 2-layer GRU with aand vs is the one-hot vector from the Gumbel-Softmax sample
hidden dimension of 512 that processes a sliding window of the model's own logits. This multiplicationv W co is an
the W = 4 most recent VQ embeddings concatenated with tigé cient way of selecting the correct embedding vector from
corresponding control embeddings. The secondary codebdbk codebook €

 has N = 512 entries (sharing the same indices as C) but
a smaller dimensionality of = 128. The GRU output is E

passed to an MLP that produces logits over the N = 512 _ o o )
codebook entries. As illustrated in Figure 3, during inference, we provide a

2) Training Objectives: Stage 1: Motion Generator. The Sequence of control signals from a source motion (which can
generator is trained to optimize a combined reconstruction ap@ Of any morphology). These signals are fed to the target

Inference Setup

vector quantization objective: character's trained Autoregressive Code Predictor. The model
generates motion autoregressively, one timestep at a time.
Lgen=L recont L commit At each timestep t:
The reconstruction 10Ss rkeon is the mean squared error for 1) The GRU's input vector xis assembled by concatenating
both the root-relative pose and the global root motion: the window of recent control signals tfjy+1 ;::itg
with the window of past generated pose embeddings
Lrecon=kM Mk 5+kR Rk 3 fed, ;:5ed) .

2) The GRU processesxand (via the MLP) predicts logits
for the current pose.

3) An argmax operation is performed on these logits to

L commit=kZ sg[clk 3 select the single, most likely code index, ¢

where sg is the stop-gradient operator. We do not use a separat)iS index ¥ is then used to retrieve two separate vectors:
codebook loss as commonly used in VQ-VAE architecture€t) The pose embeddingycis retrieved from the primary
instead, the codebook C is updated via an Exponential Moviffjd€Pook C and passed to the Motion Generator's Decoder.
Average (EMA). We also employ codebook resets to reinitiaf?) The context embedding.cis retrieved from the secondary

ize unused codes to random encoder latents from the curréfgebook €and stored in'the buffer to be used as input for

batch the next step (i.e., it becomeg & the window for %1 ).
. . . 0 O
Stage 2: Autoregressive Code Predictor. With the gen- 1"US, during inference, &= cy, . _
erator frozen, the predictor is trained to minimize the cross- Finally, the Decoder uses the pose embeddiggand the

entropy (CE) loss between its predicted logits and the grountaJ_rrent control signal;i to reconstruct the nal root-relative
truth indices y from the generator's codebook C: pose M and root motion R. This process allows motions

from any source morphology to drive the synthesis of stylis-

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

T

X tically consistent motion on any trained target morphology.
Lauoreg= ~ CEf (hy); vt Importantly, the sparse representation 4 used only during
t=1 the morphology-speci c training of the Motion Generator and
Here, f is the output MLP, and the GRU hidden stateie does not de ne correspondences between source and target
computed autoregressively: joints at inference. Consequently, target joints or limbs without
a counterpart in the source morphology, such as wings, tails, or
ht = GRU(x t;hes ) additional legs, are reconstructed by the target-speci c decoder

according to the learned target motion prior and do not require

where the input vector xis a concatenation of two sliding e - °
explicit source-joint mappings.

windows:
- . A0
Xt = [l twW+1:t ’ etW:tl ]
. . IV. RESULTS AND EVALUATION
itw+1t represents the window of the W most recent encoded

control signals (from 1), and &, is the window of the ~ We evaluate our frar_nework across a wide range of het-_
W past time-indexed pose embeddings from Rote that €rogeneous morphologies, focusing on three key aspects: (i)
ey11 i projected to the embedding dimension using a¥mantic delity in cross-domain motion transfer, (ii) kine-
MLP. matic and physical plausibility, and (iii) controllability through
The embedding &(which will be used in the window for user-adjustable cues. We compare our method against three

X1 ) is computed using a mixed strategy for teacher-forcin&ﬁse””e& an adapted version of the skeleton-aware gpproach
of Aberman et al. [7], Walk-the-Dog, a framework speci cally

e? =V Weo 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
Vgt with probability 0:8 numerical comparisons, visualizations of trajectories, foot con-
Vgs Otherwise tacts, and style transfer across morphologies.

where Wco is the weight matrix of the codebool’,Gand v
is a one-hot vector selected as:

Vi =
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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.

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
F'g' 4: Cross-Morphology Mo_t|on Transter V_V'th Semantic by extending it to a wider range of morghologies. As shown
Al|gnment._T_he top example_ ilustrates mation transfer fromn Figure 5, an input dog motion is successfully transferred to
a human sitting to a dog, wh!le_ the bottom example shows thﬁaracters with substantially different body structures, skeletal
inverse transfer f“’”.‘ a dog S|tt_|ng to @ human. Green skelet portions, and numbers of control points, including a human,
denote the source (input) motion, and purple skeletons den Eefrich, T-Rex, dragon, scorpion, and monkey. Despite these

the transferred (output) motion. signi cant anatomical differences, the transferred motions
preserve the original action semantics while naturally adapting

A. Implementation details to _the locomotion charactgr_lstlcs of each target .character.
o ) ) This demonstrates that additional target morphologies can be

Our system is implemented in PyTorch using the Adamcorporated by training their corresponding target-speci ¢

optimizer, and was trained on motion datasets spanning kodels without retraining the previously learned character
mans, quadrupeds, and birds. The two-stage pipeline rgfpdels.

leamns compact morphology'— speci ¢ codebooks. with VQ- Importantly, the transferred motion also preserves target-
VAE, followed by autoregressive sequence modeling for long-

: : A eci ¢ characteristics. Since each target morphology learns
horizon synthesis. Training is performed on an RTX 2081 own codebook and motion prior, the source control signals

1-'036P#h\émlclo?iozatg;nzlrzaio?fislfgiggg gn lizrg_'fr: gn::fﬁ)no etermine the high-level behavior without imposing the source
se énces from the dataset with a stride of 16. During t orphology's movement style on the target. Therefore, dogs
qu Wi : - Dunng Higave like dogs, ostriches retain species-speci c traits (e.g.,

training of the Autoregressive Code Predictor, this window

length is set to 256 frames. Training each target-specivc\:”ng_ralsmg during running), humans maintain human-like

) . ~~.motion, etc. Figure 7 demonstrates this concept, showing how
model requires approximately 10 hours across both trainin g b g

o . .ahuman running and jumping motion can be transferred to a
stages. During inference, the isolated neural path synthes%es . 7 o

: . AT . dog in a semantically similar way.
motion at approximately 8000 FPS. The full pipeline including
input pre-processing and control signal extraction runs atBeyond these examples, our method can also transfer a
approximately 3000 FPS, enabling ef cient generation of longPurce motion to a target species even when no semantically
sequences. Visualizations are made in Blender. §|m|Iar 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
1) Cross-Morphology Transfer: Our method achieves séhe low body con guration of the human push-up with the

mantic alignment without requiring explicit joint correspondog's lying posture, while distinguishing it from sitting. Please

B. Quantitative and Qualitative Evaluation
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