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Figure 1: On the left, we see different styles, while at the far right is a content motion that is much longer. In the middle, we transferred the
style from different clips over different time windows of the content while seamlessly transitioning between them.

Abstract
Human motion data is inherently rich and complex, containing both semantic content and subtle stylistic features that are
challenging to model. We propose a novel method for effective disentanglement of the style and content in human motion
data to facilitate style transfer. Our approach is guided by the insight that content corresponds to coarse motion attributes
while style captures the finer, expressive details. To model this hierarchy, we employ Residual Vector Quantized Variational
Autoencoders (RVQ-VAEs) to learn a coarse-to-fine representation of motion. We further enhance the disentanglement by
integrating codebook learning with contrastive learning and a novel information leakage loss to organize the content and the
style across different codebooks. We harness this disentangled representation using our simple and effective inference-time
technique Quantized Code Swapping, which enables motion style transfer without requiring any fine-tuning for unseen styles.
Our framework demonstrates strong versatility across multiple inference applications, including style transfer, style removal,
and motion blending.

CCS Concepts
• Computing methodologies → Animation; Learning latent representations;

1. Introduction

Virtual characters play a central role in media and entertainment,
from animation and video games to immersive experiences. How-
ever, creating realistic and expressive character animation remains
a labor-intensive process that often requires extensive manual work
from artists, making it both time-consuming and costly. Recent
research in character animation has explored how modern ma-
chine learning techniques can reduce repetitive work and automate

aspects of the animation pipeline. One notable problem is style
transfer, where the style of a motion—such as walking happily
or angrily—is transferred from one motion clip to another, while
preserving the content, or semantic meaning, of the latter motion,
which is usually referred to as the content clip.

Achieving compelling motion style transfer requires disentan-
gling style from content—a fundamental and challenging problem
in motion representation. While humans naturally exhibit a wide
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range of walking styles, clearly defining and separating style and
content in motion data is non-trivial. Our goal is to learn a repre-
sentation that effectively disentangles the content and style from
motion clips and allows for transferring styles realistically. We ap-
proach this problem by interpreting content as the coarse and struc-
tural attributes of motion, and style as the finer details that introduce
expressive nuances to the movement. To achieve this separation,
we employ Residual Vector Quantized Variational Autoencoders
(RVQ-VAEs) [LKK�22] to learn a coarse-to-fine representation.
This is complemented by novel contrastive and mutual information
losses that prevent style leakage into content. We demonstrate that
the resulting representation effectively separates style from content
and enables style transfer through Quantized Code Swapping. Our
approach performs style transfer as an inference-only task, requir-
ing no additional fine-tuning for unseen styles. Furthermore, unlike
prior works, our model is trained without adversarial or cyclic train-
ing, enabling a more stable convergence.

We evaluate our method on multiple motion capture datasets
[MSK22, AWL�20, XWCH15] and show that our representation
embeds the content in the initial codebooks and the style in lat-
ter ones. Our experiments show effective style transfer across both
seen and unseen stylistic motions, measured via style classifier ac-
curacy, while maintaining the original content, measured via trajec-
tory deviation. In addition, it enables further capabilities including
smooth transitions between styles, content extraction, motion inter-
polation, and content-style mixing for data augmentation.

In summary, our contributions are as follows:

• We learn an interpretable coarse-to-fine representation of motion
that disentangles content and style.

• We propose a novel strategy by utilizing a mutual info loss to
prevent style leakage, and combining contrastive learning with
non-differentiable residual codebook learning.

• Our framework supports several applications at inference, in-
cluding style transfer and style transitions over arbitrary-length
motions, via swapping and blending operations on the disentan-
gled quantized codebooks.

2. Related Work

[XWCH15] were one of the first to apply style transfer to mo-
tion data using a motion database and a KNN search. They first
pre-process the database to track the closest neighboring pose for
each pose in the dataset. Afterwards, they can perform real-time
style transfer relying on a KNN search and simple linear transfor-
mation. In the context of deep learning, [AWL�20] learn separate
style and temporal content codes. They use Instance Normalization
(IN) and Adaptive Instance Normalization (AdaIN) to remove the
original style from the content motion and reintroduce the desired
style codes, respectively. Since the model relied heavily on style la-
bels and a discriminator, it struggles to generalize to unseen styles.
Both these works also released their annotated styled motion data
that have been used by many works since.

[PJL21] use a graph convolutional network (GCN) where the
pooling and unpooling operations are performed according to the
human skeleton. In addition, they learn a mapping network from
random noise to a style code to perform style transfer from unseen

styles at inference time. Motion Puzzle [JPL22] also uses a similar
GCN, but trains from one source motion to multiple target motions
each to stylize one or more body parts. This lets them combine
different styles across body parts during inference. More recently,
[TWW�24] used contact information for style transfer via learning
separate GCNs to extract contact, trajectory and style information
from the source motion. They can then perform style transfer at in-
ference by swapping the style codes passed to the generator trans-
former. Similarly, the contact timing can also be swapped between
the style and content motion.

100STYLE dataset [MSK22] is a locomotion dataset with a
combination of 100 different styles and different gaits (walk-
ing, running, & strafing). In addition to introducing the dataset,
[MSK22] train a mixture of expert (MoE) model with a FiLM
[DPS�18, PSDV�18] generator and a pre-trained periodic autoen-
coder [SMK22] providing learned phase labels. Although their ap-
proach works well for seen styles, they require fine-tuning to adapt
to unseen styles. [TWW�23] also use an MoE model along with the
periodic autoencoder to learn a motion VAE to reconstruct the next
frame conditioned on the current frame. The decoder can be condi-
tioned on a style token to perform style transfer. [DWF�25] further
extend the periodic autoencoder to learn body part-wise phase la-
bels. They can then encode these part-wise phase labels into style
labels, allowing mixing styles across body parts similar to Motion
Puzzle. These methods rely on a pretrained phase manifold for mo-
tion, a MoE and a motion sampler, constructing a complex training
pipeline.

Diffusion models have also been employed for motion style
transfer. [RGS�24] show that for a pre-trained motion diffusion
model [TRG�23], the queries and keys in the self-attention blocks
correspond to motion outline and motifs respectively. Using noise
inversion and swapping the queries and keys between a content and
a style motion clips, they can perform zero-shot style transfer. In
contrast, [ZXJ�24] learn a ControlNet [ZRA23] based style adapter
and combine classifier-based and classifier-free [HS22] guidance to
adapt a pre-trained text-to-motion model for stylization. [SJL�24]
specifically train a diffusion model for style transfer and first learn
a multi-condition extractor that can extract trajectory and remove
style from the content motion, and extract the style from the style
motion. A latent diffusion model is then trained on these features
to stylize the content motion.

While the above-mentioned diffusion models offer promising re-
sults, their iterative generative process makes them too slow for
real-time applications and for stylizing motion of arbitrary lengths.
Hence, [GMZ�24] first learn a motion latent representation using
a VAE [KW�19]. This representation is then disentangled using
style and content encoders and a generator. Reconstruction, homo-
style alignment, and cycle consistency losses are used to ensure that
the new latent space is sufficiently disentangled. Although they can
transfer unseen styles, their method requires training multiple mod-
els, and losses such as homo-style alignment and cycle consistency
can make the training more unstable.

To our knowledge, we are the first work to explore VQ-VAEs
[VDOV�17] in the context of motion stylization. We show that us-
ing a Residual VQ-VAE (RVQ-VAE) [LKK�22], we can learn a
disentangled latent space for motion style transfer without special-
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Figure 2: Our approach encodes motion into a number of codebooks stacked in a residual manner. Our training strategy enables the content
to be represented by the first (blue) codebook, while style is represented by the downstream codebooks (in red).

ized style and content encoders and perform style transfer for arbi-
trary long motion sequences in real time.

3. Method

Human motion can be represented as a sequence of T states,
M= {st}. We define the state of the character at timestep t as st =
[pt ,Rt ,vt ,wt ,ht ,u], where pt ∈ R3�J ,Rt ∈ R6�J ,vt ∈ R3�J ,wt ∈
R3�J represent the position, 6D orientation, linear velocity and
angular velocity of each body in local (root) frame, respectively.
ht ∈ R3 is the global height of the root, and u ∈ R3 denotes the
global up direction in the local frame. J is the total number of joints
in the skeleton.

Our goal is to learn a motion representation that effectively dis-
entangles the stylistic characteristics of human motion, from its
semantic content. We utilize an RVQ-VAE [YSZ�24, LKK�22]
framework that consists of an encoder E , a decoder D and the la-
tent space is modeled by multiple categorical distributions or code-
books B. Overview of our framework is demonstrated in Fig. 2. We
propose a training strategy in which the initial codebooks capture
the content of the motion, while the subsequent codebooks encode
the stylistic nuances. Key components of our training strategy in-
clude contrastive learning (Sec. 3.3) and mutual information loss
(Sec. 3.4). This disentangled representation can be utilized at infer-
ence time to perform style transfer via Quantized Code Swapping
(Sec. 3.5).

3.1. Quantized Motion Embedding

RVQ-VAEs can be trained by sampling a random number of resid-
ual codebooks in use, e.g. for each training sample, only the first
n number of codebooks [B0,B1, ...,Bn�1] are employed to recon-
struct the data. This training strategy effectively enables learning
a coarse-to-fine representation [YSZ�24, LKK�22], where the ini-
tial codebooks encode coarse information and the subsequent code-
books capture finer details. Intuitively, the content of a motion clip
corresponds to these coarse components of the data, while stylis-
tic variations are expressed through finer nuances. Under this per-

spective, RVQ-VAEs provide a natural and effective framework for
disentangling style from content in motion.

We train an RVQ-VAE for reconstruction of motion data. The
encoder E is a 1D convolutional neural network that downsamples
the motion sequence and the decoder D is a 1D deconvolutional
neural network that upsamples the motion back to the original se-
quence length. A motion sequence M with T frames is encoded
into K latent embeddings r0 = [rk

0]K = E(M). Then, the first code-
book B0 is used to quantize each embedding in r0 into the nearest
codes z0 = [zk

0]K ,

zk
0 = arg min

ci2B0
||rk

0− ci||22 =QB0 (rk
0), (1)

whereQB(.) denotes the quantization w.r.t. the codebook B.

The quantized code is used to compute the residual to previous
continuous embedding

ri = ri�1− zi�1 = r0−
i�1

å
j=0

z j, (2)

which is then projected iteratively to the next codebooks,

zk
j = arg min

ci2B j
||rk

j− ci||22. (3)

The input to the decoder is prepared by using the first n embed-
ded codes, where n ≤ N is sampled randomly during training and
N is the maximum number of codebooks. The final motionM0 is
reconstructed by

M0 =D

 
n�1

å
j=0

z j

!
. (4)

3.2. Training

To train the motion embedding, we use a weighted reconstruction
loss on the data,

Lrec = ||w · (M−M0)||22, (5)

where w is a weighting vector applied element-wise to the signal to
emphasize specific motion features.
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To prevent error accumulation along the kinematic chain, we em-
ploy a forward kinematics (FK) loss,

LFK = ||pg−p0g||22, (6)

where pg are ground truth global positions and p0g = FK(M0),
where FK(·) refers to forward kinematic operation on joint orien-
tations inM0.

To ensure temporal consistency in the generated motion, we use
velocity loss, Lvel , defined as the mean squared error in the veloci-
ties of the generated motion as follows.

Lvel = ||ṗg− ṗ0g||22, (7)

where ṗg and ṗ0g are velocities calculated via finite differences.
Lastly, to regularize the motion, we penalize very high accelera-
tions in the output motion via the acceleration loss,

Lacc = ||p̈0g||22, (8)

where p̈0g refers to the finite-difference acceleration of p0g.

To effectively train the codebooks Bi, we use commitment loss
and Exponential Moving Average (EMA) update as detailed in Ap-
pendix A. Code reset is also done similar to [ŁCS�20] for codes
that are unused during training to encourage more uniform usage
of all codes in the codebook.

3.3. Contrastive Learning

While the inherent coarse-to-fine structure of RVQ-VAE provides
a basic separation of style and content, with initial codebooks en-
coding coarse content and deeper codebooks capturing the stylistic
details, this separation arises purely from reconstruction objectives,
and does not achieve a sufficiently robust disentanglement for style
transfer applications. To enhance this separation, we incorporate a
contrastive learning objective that organizes the latent motion em-
beddings according to style labels, pulling embeddings with the
same label closer together and pushing embeddings with different
styles farther apart. We apply the contrastive objective exclusively
to the deeper residual codebook embeddings intended to encode the
style, leaving the initial content codebooks untouched.

For this purpose, we adopt the Multi-Pos contrastive loss intro-
duced in [TFI�23] to contrast all pairs of positive and negative
samples within a batch. Let a denote an anchor embedding sam-
pled from the batch, and {b1,b2, ...,bx} denote the remainder. The
Multi-Pos contrastive loss is given by the cross entropy, H, between
similarity-based distribution of how closely a matches each b and
target distribution constructed from ground truth style labels.

Lcon = H

 
exp(a ·bi/t)

åexp(a ·bi/t)
,

1match(S(a),S(bi))

å1match(S(a),S(bi))

!
, (9)

where S(.) obtains the style label of a sample and t is a tunable
hyperparameter.

[HC20] introduced contrastive learning within a VQ-VAE
framework, simply by applying the contrastive objective to the con-
tinuous embeddings prior to quantization. In contrast, our method
applies contrastive loss directly to the residual embeddings, i.e. af-
ter quantization. We show that this choice enables backpropagation

to update the codes in the latest codebook, without explicitly af-
fecting the gradients of the earlier stages in the pipeline. This is
particularly crucial for our goal, since the style-related contrasts
should not affect the initial codebooks which are intended to en-
code content. To show this, note that gradients of the forward path
are computed using straight-through method [HCAI23]:

∇q(zi) :=∇q(ri), (10)

where q corresponds to network parameters before codebook Bi.
The gradient of the next residuals will be:

∇q(ri+1) =∇q(ri− zi) =∇q(ri)−∇q(zi) = 0, (11)

where the last equality comes from Eq. 10. The gradient with re-
spect to the codebook is

∇Bi (rk
i+1) =∇Bi (rk

i )−∇Bi (zk
i ) = 0−∇Bi (QBi (rk

i ))

=−1match(zk
i ,ci), ∀ci ∈ Bi .

(12)

A second key distinction from [HC20] lies in how the codebooks
are optimized. While their method uses the standard VQ objective,
we adopt the more robust EMA update (see Appendix A). Because
EMA updates are applied manually rather than through backprop-
agation, they break differentiability. Therefore, incorporating the
contrastive loss into codebook learning requires careful design. Al-
though the contrastive loss can update the codebook via backprop-
agation, EMA is typically performed in the forward step and prior
to backpropagation, invalidating the gradients. To properly incor-
porate the contrastive updates, the EMA update must instead be
applied after backpropagation, as a second update step.

3.4. Mutual Information Loss

The contrastive loss on style labels enables disentanglement of dif-
ferent styles in the residual codebooks. However, style information
can still be stored in the content codebook. Incorporating a simi-
lar content contrastive loss for the content codebooks is infeasible
as semantic rich content labels are not always available. Instead,
we propose restricting the model from inferring style labels from
the content codebooks. This can be achieved using a mutual infor-
mation loss [FH61,NYC19]. Unlike prior work that typically max-
imize mutual information between given labels and embeddings,
we minimize the mutual information between the selected content
codes, z, and style labels, l. This ensures that no style can be in-
ferred from the content embeddings. This is formulated as,

Lmi = I(Zcontent ;S) = å
z2Zcontent

å
l2S

p(z, l) log
p(z, l)

p(z)p(l)
. (13)

To estimate p(z, l) we use Monte-Carlo sampling,

p(z = ci, l = l j)≈
1
N

N

å
i

q(z = ci|r) ·1match(l, li), (14)

where q(z = ci|ri) denotes the assignment probability of quantiza-
tion, which can be represented as a one-hot vector. However, for
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