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Figure 1: Motion style transfer with UMSD. Our method effectively transfers the style of the style motion to the content of the
content motion, ensuring the prominence of the style while preserving the content of the motion to a great extent.

Abstract

Motion style transfer is a significant research direction in the field of
computer vision, enabling virtual digital humans to rapidly switch
between different styles of the same motion, thereby significantly
enhancing the richness and realism of movements. It has been
widely applied in multimedia scenarios such as films, games, and
the metaverse. However, most existing methods adopt a two-stream
structure, which tends to overlook the intrinsic relationship be-
tween content and style motions, leading to information loss and
poor alignment. Moreover, when handling long-range motion se-
quences, these methods fail to effectively learn temporal dependen-
cies, ultimately resulting in unnatural generated motions. To ad-
dress these limitations, we propose a Unified Motion Style Diffusion
(UMSD) framework, which simultaneously extracts features from
both content and style motions and facilitates sufficient information
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interaction. Additionally, we introduce the Motion Style Mamba
(MSM) denoiser, the first approach in the field of motion style trans-
fer to leverage Mamba’s powerful sequence modelling capability.
Better capturing temporal relationships generates more coherent
stylized motion sequences. Third, we design a Diffusion-based Con-
tent Consistency Loss and a Style Consistency Loss to constrain
the framework, ensuring that it inherits the content motion while
effectively learning the characteristics of the style motion. Finally,
extensive experiments demonstrate that our method outperforms
state-of-the-art (SOTA) methods qualitatively and quantitatively,
achieving more realistic and coherent motion style transfer.

CCS Concepts

« Computing methodologies — Motion processing; « Social
and professional topics — User characteristics.

Keywords

Motion Style Transfer, Mamba Model, One-stream Structure, Diffu-
sion Generative Models

1 Introduction

Style is a crucial aspect of human motion, reflecting individual
characteristics such as emotions, age, and health status [9], which
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are essential for animating human characters and avatars. How-
ever, manually extracting these styles is both challenging and time-
consuming [3, 36]. Motion style transfer addresses this issue by
transferring the style of a style motion onto the content of a content
motion, resulting in a stylized motion that retains both characteris-
tics (e.g., an angry walk in Figure 1c). This technique enhances the
diversity and realism of digital human motion, making it widely
applicable in fields such as film production and game design.

However, achieving style characteristics while preserving mo-
tion content poses significant challenges. To address this issue,
existing methods [1, 18, 31, 32] typically employ two separate en-
coders to independently extract features from content and style
motions. The extracted information is fused, and a generative model
produces stylized motion. Although this approach enables motion
style transfer to some extent, the generated motion sequences still
fall short in terms of naturalness and continuity for the following
reasons: (1) Most current frameworks adopt a two-stream struc-
ture, with independent encoders for content and style motion, as
shown in Figure 2a. This setup causes the encoders to overlook
intrinsic connections between the two motion types, leading to in-
formation loss and poor alignment of features in high-dimensional
space, ultimately degrading the quality of the generated output.
(2) Current frameworks struggle to capture temporal relationships
in long-range motion sequences, resulting in generated motion
sequences that lack naturalness and coherence.

To address the above-mentioned issues, we propose a UMSD
Framework, which employs a one-stream structure to extract fea-
tures from content and style motions simultaneously. This unified
approach enables effective information exchange, generates stylized
motion, and overcomes the limitations of using separate encoders,
as shown in Figure 2b. Specifically, we introduce a novel UMSD
Attention module that integrates cross-attention and self-attention
mechanisms. The cross-attention mechanism enables information
exchange between content and style motion features, enhancing
their complementarity. Meanwhile, the self-attention mechanism
independently processes each motion feature, capturing crucial
local details and dependencies within the motion sequence.

To maintain long-range dependencies within the motion se-
quence, we first introduce the Mamba model [12] for motion style
transfer and propose the Motion Style Mamba (MSM) denoiser.
MSM leverages the robust sequence modeling capability of State
Space Models (SSM) to generate more coherent and natural motions
by learning temporal dependencies. Also, we propose a diffusion-
based style consistency loss and a diffusion-based content consis-
tency loss, which constrain the UMSD framework to inherit motion
content while learning motion style effectively. Extensive experi-
ments on two benchmark datasets demonstrate that our method
outperforms SOTA approaches. Our contributions are as follows:

e We propose a novel UMSD framework employing a one-
stream structure. This structure enables simultaneous fea-
ture extraction from content and style motion while facili-
tating extensive interaction between them.

o We apply the Mamba model to the motion style transfer field
for the first time and propose the MSM denoiser. This lever-
ages SSM’s strong sequential modeling capability to better
preserve long-range dependencies in motion sequences.

Anon. Submission Id: 923

e We propose a Diffusion-based Content and Style Consis-
tency Loss, which separately constrains the UMSD frame-
work to more comprehensively retain input motion content
while effectively learning style features.

e We conduct extensive experiments to evaluate our frame-
work, and the results show that the proposed UMSD frame-
work outperforms SOTA methods in both qualitative and
quantitative metrics.

2 Related Work
2.1 Motion Style Transfer

Motion style transfer is an advanced and essential research area in
computer vision. Early methods [3, 36] rely on handcrafted feature
extraction to design various motion styles, which is inefficient and
difficult to apply in practical contexts such as film and gaming. In
recent years, new methods [1, 18, 23, 26, 31, 32, 41, 42] based on
deep learning techniques [7, 11, 24, 33, 37] have been proposed,
effectively addressing the inefficiency of manual feature extraction.
For instance, Aberman et al. [1] used unsupervised learning to
transfer motion style by learning from a collection of style-labeled
motions. Building on this, Finestyle [31] and Most [18], respectively,
designed a bidirectional interaction flow fusion module and an in-
novative motion style transformer, enabling effective learning of
motion content and style feature transfer. MCM-LDM [32] achieved
high-quality motion style transfer by disentangling and finely inte-
grating three key elements: motion trajectory, content, and style,
ensuring the core content is preserved. However, most of these
approaches adopted a two-stream structure, with two separate en-
coders extracting content and style motion features. This can cause
the encoders to overlook intrinsic connections between the two
motion types, leading to information loss and poor alignment in
high-dimensional spaces.

2.2 Diffusion Generative Models

Diffusion models are highly regarded for their exceptional perfor-
mance in various research fields, including image generation [8, 28,
39], video generation [5, 28, 43], reinforcement learning [10, 17], and
motion generation [4, 13, 34, 35]. For example, MDM [34] utilized
uses a transformer-based diffusion model for condition-guided mo-
tion generation. MLD [6] introduced diffusion models in the latent
space of a motion VAE, significantly improving high-fidelity motion
generation. Alexanderson et al. 2] explored diffusion models for
audio-driven motion generation, demonstrating how auditory cues
can guide motion synthesis. However, in the above diffusion mod-
els, the denoiser often struggles to effectively learn the temporal
dependencies in long sequences, which limits its performance in
motion style transfer tasks.

3 Methodology

Overview. We propose a novel UMSD framework to achieve high
naturalness in motion style transfer, as detailed in Section 3.1. First,
we apply UMSD Attention to extract features from content and style
motions and enable information exchange, as described in Section
3.2. Then, we introduce an MSM denoiser, which generates more co-
herent stylized motion sequences (Section 3.3). Section 3.4 presents
two loss functions to supervise content and style consistency.
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Figure 2: Comparison between two-stream frameworks and
our one-stream UMSD. (a) Existing methods first extract con-
tent and style motion features separately, then perform fea-
ture fusion and motion generation. (b) In contrast, UMSD
unifies feature extraction and information fusion, enabling
direct generation of stylized motion.

Pose Representation. We categorize the motion sequences input
into the UMSD framework into two types: content motion and
style motion. Since the stylized motion output is strongly corre-
lated with the input content and each motion is clearly defined by
joint rotations (unit quaternions) [21], we represent the content
motion sequence as joint rotations m&'N = {mc’i}fil € RYXN,
Additionally, as style can be inferred from the relative motion of
joint positions, we use joint positions to represent the style mo-
tion sequence nS'N = {ns’}N R3*N where J = 21 is the
number of joints in the human skeleton [1], and N represents the
number of poses in a motion sequence. Here, m and n denote the
motion content of content and style motion, respectively, and ¢
and s indicate the motion style for content and style motion. The
UMSD framework aims to learn the motion style s while retain-
ing the motion content m, thereby generating a stylized motion

mSEN = {ms”}l.:1 € RY*N that combines both characteristics.

3.1 Unified Motion Style Diffusion Framework

Existing frameworks [1, 18, 31] for motion style transfer typically
use a two-stream structure with separate encoders for content and
style motion feature extraction. This structure often leads to infor-
mation loss and misalignment in high-dimensional space. Moreover,
when handling long-range motion sequences, these frameworks
struggle to effectively model sequence dependencies and temporal
relationships, resulting in stylized motions that lack natural flow
and coherence. We propose a UMSD framework to address these
issues, as illustrated in Figure 3.

Our UMSD framework is a one-stream structure based on the
diffusion model [4]. Taking the content motion mg’l at noising step
t as an example, diffusion is regarded as a Markov noising process.
The motion sequence follows a forward noising process, g(m;’ e1LN |

mi_llN ), where m0 N'is drawn from the data distribution. The

forward noising process is defined as:

(\/_mt i N (1-an1), (1)

q(milNlmCIN)
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where a; € (0,1) are constant hyperparameters. As a; approaches
GLN N(0,1). We use T = 1000 timesteps.

The forward noising process for the style motion ni’l:N follows
the same procedure. From this point, we denote the full-length
sequences of content motion, style motion, and stylized motion at
noising step t as m{, nj, and mj, respectively.

0, we approximate my.

3.2 UMSD Attention

During motion style transfer, the accurate encoding of both style
and content is essential. Existing methods [1, 18, 31, 32] typically
encode them separately, which causes the encoders to overlook
the intrinsic connections between the two motion types. We pro-
pose UMSD Attention, which integrates cross-attention and self-
attention mechanisms to extract features from both content and
style motions, facilitating comprehensive information exchange, as
shown in Figure 3.

To begin with, we concatenate the position-encoded content mo-
tion sequence m{ and style motion sequence n; at noising step ¢,
resulting in the unified sequence Z}*!, defined as Z“1 [z Z3h.
Here, each pose in the motion sequence represents a token. We
perform feature extraction and information fusion in three stages,
using Zfi with i € {1,2,3,4} as query embeddings in the following
illustration. In the first stage, we employ a cross-attention mecha-
nism to facilitate information exchange between content and style
motion features, enhancing their complementarity. This process is
expressed as follows:

Vd

The query Qg; is generated by applying a linear projection to Zfi. At

Z$% = softmax (QSI ) Ver. (2)

the same time, Kch and V,; are produced by linearly projecting Zfi
to obtain keys and values, respectively, where i € {1,2,3,4} and d
represents the dimension of the key. We then apply a self-attention
mechanism to independently process the content and style motion
features, capturing critical local details and dependencies across
motion sequences, yielding Zf3. In the third stage, we use a cross-
attention mechanism to establish deeper connections between the
content and style motions, which helps the final stylized motion bet-
ter integrate both feature types. The following formula represents
this process:

KT
Z:% = softmax (%) Vsa, (3)

KT
Zf4 = softmax (Qsj/gC3 ) Ves3. 4)

KsT1 and Vg; represent the keys and values generated from Z3%, with
i € {1,2,3,4}, through linear projection. The process for obtaining
query embeddings ZtCi follows the same steps, resulting in Zf4.
By concatenating it with Z$*, we obtain Z¥2 as Z4? = [Z¢4; Z54].
Subsequently, the following operation is applied to yield the output
Z24! for the UMSD attention:

zout = 7u1 g LN(Z42), (5)

where @ denotes the matrix addition, and LN(-) is a linear layer.
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Figure 3: Framework overview. (Left) Overview of the Unified Motion Style Diffusion (UMSD) framework. The framework

input is a noisy motion sequence m‘;{’l:N of length N at noising step ¢, with z € {c, s}, conditional information C, and t itself.

‘;’IZNand style motion ni’lzN through UMSD
attention. A Motion Style Mamba (MSM) denoiser is then applied to predict the stylized motion rhf)’l:N . (Right) Sampling MSM.
Given the condition C, noisy motion is sampled across the desired motion dimensions, iterating from ¢ down to 1. At each step

t, the MSM predicts the clean stylized motion ms’“", which is then diffused back to ﬂli_llN

Here, C represents the result of information interaction between content motion m

0

Through this interactive attention mechanism, UMSD attention where LN(-) denotes a linear layer, IN(-) represents an Instan-
effectively encodes both style and content, allowing them to mutu- ceNorm layer, ®*(-) refers to forward SSM, and ® (-) to backward
ally reinforce each other. This enables the style transfer results to SSM. The original Mamba model, designed for 1-D sequences, is un-
not only faithfully express the style but also retain the content to a suitable for motion style transfer tasks requiring spatial awareness,
significant extent. so we adopt bidirectional sequence modeling here. u(-) denotes a

Causal Conv1D layer used for feature extraction, D% and D’ repre-

3.3 Motion Style Mamba Denoiser sent the intermediate result and final output of the right branch in
After employing diffusion-based models [15], we observe that exist- the i—th iteration of the MSM Block respectively, where i € {1,2,3}.
ing denoisers, such as U-Net [29] and transformers [19, 37], struggle Notably, D° represents the input to the MSM Block, while D" is
to capture temporal relationships in long-range motion sequences the output of the residual network containing the MSM Block.
effectively [34]. This limitation leads to generated motion sequences Following the MSM Block structure, we integrate the sequential
that lack natural continuity. To address this issue, we draw inspira- modelling strengths of SSM with the contextual awareness of the
tion from the Mamba model [12] and apply it for the first time in attention mechanism, enhancing our ability to capture fine-grained
the motion style transfer field, proposing the Motion Style Mamba temporal changes at each timestep of the motion sequence, thereby
(MSM) denoiser. MSM leverages the powerful sequence modelling generating more naturally stylized motion:
capability of the State Space Model (SSM) to capture temporal
information in motion sequences better, preserving long-term de- o = IN(LN(D"%%)) + MHA(LN(D"%)), 8)

pendencies within them. The structural diagram is shown in Figure
4. Before entering the MSM denoiser, the motion sequence m’, at
noising step ¢, with z € {c, s}, undergoes the following processing:

where MHA (-) represents Multi-Head Attention and o denotes the
output of the residual network containing MHA. The output of the
final MSM denoiser Dy, is expressed by the following equation:

Djy,, = concat(ms, MLP(T),Z;"”), (6)
where concat(-) represents concatenation, Dj,, represents the input Dout = FEN() +IN(0), ©
to the MSM denoiser. The MLP consists of two linear layers and an where FFN(-) represents Feed-Forward Network. With the integra-
activation layer, projecting the timestep ¢ into a continuous vector tion of the Mamba model, our MSM denoiser is better equipped
space to form a latent vector optimized for MSM processing. to capture the temporal information of long motions, enabling the
The MSM block, the core of the MSM denoiser, leverages the long- generation of more coherent and natural stylized motion sequences.
range sequential modeling strengths of the SSM to map the timestep
t into content and style motion sequences, thereby extracting tem- 3.4 Training Objectives

poral information while preserving long-range dependencies in the

. . Our objective is to use the output of UMSD Attention as the condi-
motion sequence. Its structure is as follows:

tion ¢ for the diffusion model, allowing the framework to learn the

D =1N (Din ) » motion style s while retaining the motion content m, thus generat-

Dl =N (<D+ ( (LN (Z)i_l))) e ( (LN (Di_l)))) ing stylized motion mj. However, existing diffusion-based motion
r H H ’ . style transfer methods [32] rely solely on a simple reconstruction
Di =N (LN ( Di—l)) +Di @ loss, which results in insufficient preservation of motion content

” and style coherence. To address this, we propose the Diffusion-

D' = LN (Dy, ) + D3, based content consistency loss (i.e., Eq. 10) and style consistency
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Figure 4: Architecture of MSM denoiser.

loss (Eq. 11), which ensure both accurate retention of content and
faithful transfer of style throughout the motion generation process.
Diffusion-based Content Consistency Loss. When the input
content motion sequence mf and style motion sequence n§ share
the same style, i.e., ¢ = s, the generated stylized motion m; should
closely resemble the content motion m¢, regardless of the content
of style motion n?. Based on this observation, we model the dis-
tribution p(mg|C) as a reverse diffusion process that iteratively
denoises m.. Instead of predicting noise € following the formula
in DDPM [15], we adopt an equivalent approach from Ramesh et al.
[27], directly predicting the motion itself. Specifically, rig = ring =
MSM(my, t, C) = MSM(m¢, t,U(m(, ny)) (see Figure 3, right). The
Diffusion-based Content Consistency Loss is expressed as:

Liee = Emg,nBNM ||MSM(mf, L, U(mf), n?))) - m8||1, (10)

where M denotes the dataset, MSM(-) represents the Motion Style
Mamba denoiser, and U(+) denotes the UMSD Attention module.
Our loss function differs fundamentally from the content consis-
tency loss used in other methods [21, 24] in two main aspects: (1)
it is based on a diffusion model, enabling control over the noise
addition process to motion via the timestep #; (2) the condition in
our loss function is the result of fusing content and style motion
features, allowing the framework to learn both features better.
Diffusion-based Style Consistency Loss. We adopt a similar
approach as above. If content motion sequence m; and style motion
sequence n§ share the same content, i.e., m = n, the stylized motion
m; should ideally be as close as possible to the style motion nj.
We use the MSM denoiser to directly predict the motion itself, i.e.,
my = iy = MSM(n3, t, C) = MSM(njy, t, U(mg, nj)). The diffusion-
based style consistency loss is expressed as follows:

Lise = Emg,ng~M”MSM(n§, tsU(mS:nf))) - n(s)||1~ (11)

Additionally, we adopt three existing geometric losses, Lpos,
Loots and Ly , which control positions, foot contact, and veloci-
ties, respectively [30, 34, 35]. Our total training loss function is a
combination of the above five losses:

-Ctotal = -dec + Ldsc + LPOS + Lyel + Leoot- (12)
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4 Experiments

In this section, we conduct a series of experiments to evaluate
the effectiveness of the UMSD framework. First, we provide the
details of the implementation of the experiments. Then, we perform
both quantitative and qualitative comparisons between UMSD and
state-of-the-art (SOTA) methods on two datasets. In the qualitative
comparison, we separately assess the model’s motion style transfer
capability for both short and long motion sequences.

Additionally, to further evaluate UMSD’s generalization ability,
we test style transfer using previously unseen styles from the train-
ing dataset. In the ablation study, we demonstrate the effectiveness
of each module in the UMSD framework. A user study is also con-
ducted to compare our method’s performance with SOTA methods
from a more intuitive perspective. More experimental results can
be found in the technical appendix.

4.1 Implementation Details

We train and test our model based on the Xia dataset [38] and BFA
dataset [1]. We reduce the original 120fps motion data to 60fps
and obtain approximately 1500 motion sequences in total. Our
framework is implemented in PyTorch and trains on NVIDIA A800
GPUs, with a learning rate of e 0, using the AdamW optimizer [20].
The training process takes about 10 hours.

4.2 Quantitative Evaluation

We employ the metrics of FMD, KMD, Diversity, CRA, and SRA
[16, 25, 31, 32] to evaluate our framework quantitatively. The first
two metrics are variants of Fréchet Inception Distance (FID) [14]
and Kernel Inception Distance (KID) [22], respectively, measuring
the distribution discrepancy between generated and real motion
sequences. Diversity quantifies the diversity of generated motions.
We train our feature extractor to compute the values of these three
metrics. Lower FMD and KMD values indicate that the generated
motions are closer to real motions, implying higher generation
quality. Conversely, higher Diversity values reflect more extraordi-
nary richness in the generated motions. We compute the content
preservation degree and style recognition accuracy of the generated
motions using our self-trained content classifier and style classifier
for the CRA and SRA metrics. Higher values of these two metrics
indicate better quality of the generated stylized motions.

We conduct quantitative comparisons on two mainstream datasets,
the Xia [38] and BFA [1] datasets. The results are presented in Tables
1 and 2. It can be observed that our proposed method outperforms
SOTA methods [1, 18, 31, 32] on most metrics in the Xia dataset
[38]. This superior performance primarily stems from our UMSD
framework’s ability to facilitate sufficient information interaction
between content and style motions. Although our method lags be-
hind Aberman et al’s method [1] regarding Diversity on the Xia
dataset, this is mainly because our model architecture prioritizes
generating more natural and realistic stylized motions rather than
maximizing motion diversity.

Our UMSD framework achieves even more outstanding results
on the long-sequence BFA dataset [1], surpassing SOTA methods
across all metrics. This significant improvement primarily benefits
from our proposed MSM denoiser, which leverages the State Space
Model’s (SSM) powerful sequence modelling capability to better
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Figure 5: Qualitative comparison of short sequences. We provide two sets of cases comparing the style transfer effects with
SOTA methods [1, 18, 31, 32]. We zoom in on critical areas that reflect style characteristics for a more intuitive assessment. The

results indicate that our UMSD framework performs better.

Input Content (Proud Walk)

Most [18] FineStyle [31]

Input Style (Old Run)

M%&&%ﬂ&

Aberman et al. [1]

Lo 8280 89"

MCM-LDM [32]

Figure 6: Qualitative comparison of long sequences. We select two long-sequence samples from the Xia dataset [38] for motion
style transfer. The results demonstrate that our UMSD framework outperforms SOTA methods [1, 18, 31, 32].

capture temporal dependencies in motion sequences. The MSM
denoiser generates more natural and coherent motion sequences
by effectively modelling long-range temporal relationships.

4.3 Qualitative Evaluation

We qualitatively compare the visual effects of motion style trans-
fer between our proposed UMSD framework and SOTA methods
[1, 18, 31, 32] from three aspects: style expressiveness, content
preservation, and motion realism. The content motion and style
motion used in the experiments are sourced from the Xia dataset
[38]. Ideally, the model can learn the style of the style motion while
preserving the content of the content motion, thereby generating
stylized motion that combines the characteristics of both.

Short Sequence Evaluation. As shown in Figure 5, we conduct
two sets of motion style transfer experiments with motions fewer
than 190 frames to fairly compare our UMSD with other methods
trained on short motion clips. The results demonstrate that our
UMSD framework generates better visual effects. For example, in

the first row, we transfer the sexy style to the kick motion. In the
input style motion, the right arm is at a right angle, and the left arm
hangs straight down. Our generated kick motion maintains these
characteristics. Other methods [1, 18, 31, 32], however, fail to cap-
ture this feature and produce awkward motions. This is due to our
use of a one-stream architecture, where style and content informa-
tion exchanged during encoding. Thus, our style transfer achieves
both effective style representation and content preservation.

Long Sequence Evaluation. To evaluate the ability of our frame-
work to generate long motion sequences, we select two samples
from the Xia dataset [38], each with over 190 frames, as long-
sequence content and style motions for qualitative comparison. As
shown in Figure 6, when transferring the old style to the walk mo-
tion, the motion generated by our method shows more pronounced
leg curvature, a smaller gap between the thighs, and greater consis-
tency with the input style compared to SOTA methods [1, 18, 31, 32].
It also better captures the characteristics of the old style, demon-
strating stronger style expressiveness. This superior performance is
primarily attributed to the powerful sequence modelling capability
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Table 1: Quantitative evaluation on Xia dataset [38]. ‘7’ (‘|’) in-
dicates that the value is better if the metric is larger (smaller);
The bold fonts denote best performers. The results demon-
strate that our UMSD outperforms SOTA in terms of overall
quality and diversity.

Methods FMD| KMD| Diversityl CRAT SRA?T
Aberman et al. [1] 24.15 0.94 3.06 36.36 54.55
MCM-LDM [32] 22.94 1.09 2.68 62.50 50.23
FineStyle [31] 23.43 0.97 2.94 73.21  46.15
MoST [18] 22.13 1.01 2.66 75.00  40.42
UMSD (Ours) 16.45 0.65 3.04 82.35 58.82

Table 2: Quantitative evaluation on BFA dataset [1]. The re-
sults show that our UMSD outperforms SOTA methods, even
on long-sequence datasets.

Methods FMD| KMD| Diversityl CRAT SRA?T
Aberman et al. [1]  29.76 1.69 2.30 5449  19.46
MCM-LDM [32] 31.15 1.85 2.81 71.43  35.71
FineStyle [31] 2354  1.19 2.05 4762 14.29
MoST [18] 28.29 1.60 243 56.25 12.50
UMSD (Ours) 21.63 0.88 3.15 82.55 46.53

of the SSM module, which more effectively captures the temporal
information of the motion sequence, thereby preserving long-term
temporal dependencies within the sequence.

4.4 Generalizability Evaluation

Our model can extract styles from arbitrary motion clips. However,
in practical applications, motion style transfer models will likely
encounter style categories outside the training dataset. Whether
the model can still transfer styles from unseen styles determines
its generalizability and practical utility.

To compare the generalizability of our proposed UMSD frame-
work with other methods, we select two styles, “happy” and “sneaky”,
from the BFA dataset [1] (which is not involved in training) as un-
seen style A and unseen style B (second column), respectively, for
testing. We then transfer these two unseen styles to two content
motions, ‘run” and “jump” (first column), and compare the stylized
motions generated by different methods.

The results are shown in Figure 7, where we zoom in on key
body parts that reflect stylistic characteristics. In the first row, our
UMSD framework successfully captures the arm-spreading motion
when handling unseen style A. In contrast, other SOTA methods
[1, 18,31, 32] generate unnatural movements and fail to transfer the
style effectively. In the second row, we transfer unseen style B to a
proud jump motion—our method preserves the original jumping
motion while accurately adopting the spinal curvature characteris-
tic of the unseen style, while other approaches fail to achieve this.
The generalizability comparison shows that our UMSD exhibits
stronger generalization capability and practical utility, making it

ACM MM, October 27-31, 2025, Dublin, Ireland

Table 3: Ablation study on Xia dataset [38]. We ablate the
key modules of our UMSD, including UMSD Attention, SSM,
MHA, loss functions. The results validate their importance.

Settings FMD| KMD| Diversity? CRAT SRA?T

Ours w/o UMSD Attention 18.83  0.89 2.74 80.03 57.36
Ours w/o SSM 18.08  0.79 2.90 7831 55.04

Ours w/o MHA 19.19  0.73 2.97 79.96 54.86

Ours w/o Lgec 1779 0.80 2.81 7235 51.70

Ours w/o Ly 19.54  0.97 278 7468 4834

Ours (Full) 16.45 0.65 3.04 82.35 58.82

more effective for real-world applications in multimedia fields such
as film production, game design, and virtual reality.

4.5 Ablation Study

Here, we conduct ablation experiments on our key components
in Table 3, including UMSD Attention, SSM, MHA, loss functions
Lyce and Lygc. In Table 4, we perform a module comparison of our
MSM with alternative structures, such as STGCN and iTransformer.
Importance of UMSD Attention and Loss Functions. To evalu-
ate the effectiveness of the UMSD attention module, we remove it
and instead use two independent encoders to extract content and
style motion features separately. These features are then fused to
generate stylized motion. As shown in Table 3, all evaluation metrics
exhibit degradation, demonstrating that our one-stream structure
enables more comprehensive information exchange, thereby re-
ducing misalignment in high-dimensional space. We also conduct
ablation experiments on the loss functions, confirming their effec-
tiveness in constraining the model to capture motion content and
style features better.

Importance of the MSM Denoiser. We conduct ablation studies
on the MSM Denoiser to ensure a fair comparison. Specifically,
we replace the MSM module with STGCN [40] and iTransformer
[19], respectively, retrain the framework, and perform comparative
experiments. As shown in Table 4, the performance deteriorates
significantly after substituting the MSM module with either of these
alternatives. Our MSM module surpasses both alternatives across
all quantitative evaluation metrics.

These results demonstrate that STGCN [40] and iTransformer
[19] structures are substantially inferior to our model in capturing
the global temporal dynamics of motion sequences, particularly in
maintaining long-range temporal dependencies. Furthermore, this
comparison highlights our method’s superior sequence modelling
capability, which more effectively captures temporal information in
motion sequences and generates more coherent and natural stylized
motion sequences.

Additionally, we conduct ablation studies on the MSM Denoiser’s
internal SSM and MHA structures in Table 3. Removing either re-
sults in degraded performance, demonstrating that the combination
of SSM’s sequential modelling strengths and the contextual aware-
ness of the attention mechanism effectively captures fine-grained
variations in motion sequences, leading to optimal results.
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Figure 7: Generalization evaluation. We select a unseen style from the BFA dataset [1], which are not included in the training
process, and transfer them to the sexy run and proud jump motions. The stylized motions are presented in the last four columns.

Our method achieves better results than SOTA methods.

Table 4: Module comparison. We replace the MSM module
with STGCN and iTransformer. The results demonstrate the
importance of the MSM module within our framework.

Modules FMD| KMDJ| Diversityl CRAT SRAT
STGCN [40] 26.40 1.93 2.45 18.18 11.09
iTransformer [19] 27.24 2.46 2.13 1552 13.03
MSM (Ours) 16.45 0.65 3.04 82.35 58.82

4.6 User Study

In addition to qualitative and quantitative comparisons, we conduct
a user study to evaluate various methods’ motion style transfer
results. We convert the generated stylized motions into videos and
include them in a questionnaire. 50 volunteers assess the motions
based on three criteria: (1) Content Preservation (CP): Does the
generated motion retain the content of the content motion? (2)
Style Expressiveness (SE): Does the generated motion capture the
style characteristics? (3) Motion Realism (MR): Is the generated
motion realistic and natural? Volunteers rate each criterion from 1
(not achieved) to 10 (fully achieved).

After collecting all the questionnaires, we set the confidence
level of 95% and calculate the average scores from the 50 volunteers.
The results, shown in Table 5, indicate that our method achieves
the highest CP, SE, and MR scores, with particularly outstanding
performance in MR. Additionally, we perform an ANOVA test to
examine the significance of these differences. The overall ANOVA
establishes considerable distinctions among CP (F=14.847, p<0.01),
SE (F=8.299, p<0.01), and MR (F=32.313, p<0.01). The post-hoc
analysis suggests that our UMSD framework scores significantly
higher than other methods [1, 18, 31, 32] across all three metrics
(all p<0.01).

These results further demonstrate the superior performance of
our framework. The UMSD framework achieves outstanding results
primarily through its one-stream structure, which extracts features
from content and style motions while enabling effective information

Table 5: User study results. Our UMSD framework outper-
forms SOTA methods in terms of Content Preservation (CP),
Style Expressiveness (SE), and Motion Realism (MR).

Methods CP?t SET MR7T
Aberman et al. [1] 6.52+0-33 7.21%0-48 6.62%0-77
MCM-LDM [32] 8.15+0-67 8.70%0-15 5.81%0-13
FineStyle [31] 8.30%0-39 8.27%0-60 7.01%0-47
MoST [18] 8.16%0-32 7.42%0-53 7.60%0-22
UMSD (Ours) 9.59%0-27 9.72%0-61 9.12%0-48

interaction. Additionally, our proposed MSM denoiser utilizes the
powerful sequence modelling capability of state space models to
generate more coherent and natural motions, further enhancing
the realism of stylized motions.

5 Conclusion

In this work, we propose the UMSD framework, which employs a
one-stream structure to extract features from content and style mo-
tion, enabling comprehensive information interaction and avoiding
the limitations of using two separate encoders. We also introduce
the MSM denoiser, which, for the first time in motion style transfer,
leverages the robust sequential modelling capacity of SSM to learn
temporal information and enhance motion coherence. Additionally,
we propose two loss functions to guide model training. Finally,
extensive experiments on two benchmark datasets demonstrate
that our method surpasses SOTA approaches. We hope our work
inspires further research in this field, leading to more practical
applications in real-world scenarios.

Future Work. The field of motion style transfer presents several
promising directions for future research, including cross-modal
style transfer and style transfer under physical constraints. The
supplementary materials provide detailed discussions.
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