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Abstract

We present STYLEMOTIF, a novel Stylized Motion Latent
Diffusion model, generating motion conditioned on both
content and style from multiple modalities. Unlike existing
approaches that either focus on generating diverse motion
content or transferring style from sequences, STYLEMOTIF
seamlessly synthesizes motion across a wide range of content
while incorporating stylistic cues from multi-modal inputs,
including motion, text, image, video, and audio. To achieve
this, we introduce a style-content cross fusion mechanism
and align a style encoder with a pre-trained multi-modal
model, ensuring that the generated motion accurately cap-
tures the reference style while preserving realism. Extensive
experiments demonstrate that our framework surpasses ex-
isting methods in stylized motion generation and exhibits
emergent capabilities for multi-modal motion stylization,
enabling more nuanced motion synthesis. Project Page:
https://stylemotif.github.io.

1. Introduction
Human motion generation is a fundamental task in computer
graphics and animation, enabling the synthesis of realistic
and expressive human movements. Broadly, human motion
can be characterized by two complementary aspects: content,
which defines the underlying action (e.g., walking, jumping),
and style, which encodes variations such as personal flair,
emotional expression, or cultural influences (e.g., jubilant,
aggressive). This separation allows for greater control and
flexibility in generating motion, making it particularly valu-
able in creative industries like game development, film pro-
duction, and virtual reality. However, traditional approaches
to stylized motion generation often depend on manual pro-
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Figure 1. Comparison of Our Proposed STYLEMOTIF with
SMooDi. SMooDi duplicates and separates two diffusion back-
bones for content and style, increasing complexity. In contrast,
STYLEMOTIF adopts a single diffusion backbone with direct style
injection, enabling efficient and realistic motion stylization.

cesses such as motion capture or keyframe animation, which
are costly, time-consuming, and labor-intensive.

Recent progress in text-to-motion (T2M) diffusion frame-
works [6, 27, 54] has greatly advanced the ability to translate
natural-language prompts into realistic human motions. By
leveraging powerful denoising diffusion models, these ap-
proaches capture intricate spatiotemporal dependencies in
the data, enabling coherent sequences of human movements
to be generated directly from brief textual descriptions. De-
spite their success in content fidelity and diversity, most
current T2M diffusion methods concentrate primarily on
what action is performed, while overlooking how it is per-
formed, namely, its stylistic details. Simply appending a
separate style-transfer module to text-driven motion diffu-
sion pipelines can introduce additional complexity and risk
of compounding errors in the final output.

In parallel, motion style transfer has been actively studied
to infuse stylistic cues from a reference motion (or style
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data) into another sequence [1, 24, 37, 53]. Although many
of these methods effectively disentangle content and style
for small-scale tasks, the pipeline becomes cumbersome
when a large variety of content motions need to be styl-
ized. Moreover, they commonly assume that the input or
target sequences are high-quality motion data. In scenarios
where content motions are synthetically generated, or par-
tially noisy, the transfer process can deteriorate, leading to
undesirable motion artifacts or compromised style fidelity.

To address the need for simultaneously controlling both
content and style, some recent works have merged style
encoding with diffusion-based motion generation. Among
these, the most recent and representative approach [73] aug-
ments a pre-trained latent diffusion model [6] with a style
adaptor and classifier-based style guidance, achieving styl-
ized motion from textual prompts and motion-style refer-
ences. While effective, this method relies on additional
training diffusion backbones, which shares structural simi-
larities with ControlNet [66] as shown in Figure 1, which
increases model complexity and training overhead. It is also
constrained to motion as the primary style input. Concurrent
work [33] proposes a bidirectional control flow mechanism
to mitigate conflicts between style and content, extending
style control to multiple modalities, but this approach also
duplicates two separate diffusion backbones with substantial
training overhead and limited applicability across modalities.

To this end, we propose STYLEMOTIF, a new framework
for multi-modal motion stylization that unifies text-to-motion
diffusion with style conditioning in a single-diffusion struc-
ture. Specifically, we leverage a pre-trained motion latent
diffusion model (MLD) [6] to preserve strong content gen-
eration capabilities, and seamlessly integrate style features
extracted from a dedicated encoder, which is aligned with a
multi-modal foundation model [12]. In contrast to previous
works, STYLEMOTIF avoids duplicating large portions of the
network or relying on specialized style diffusion network. In-
stead, we introduce a style-content cross fusion mechanism,
which injects stylistic cues into the diffusion process while
maintaining motion realism. As a result, our STYLEMOTIF
not only yields more robust stylized outputs but also supports
diverse style signals, such as motion, text, images, audio, or
video clips, via the alignment in multi-modal feature space.
We summarize our main contributions as follows:
• We present STYLEMOTIF, a stylized latent motion dif-

fusion framework that unifies diverse motion content and
multi-modal styles within a compact single-diffusion de-
sign.

• We propose a style-content cross fusion module that in-
jects stylistic cues into the diffusion denoising process,
achieving faithful stylization without compromising mo-
tion realism and ensuring efficiency.

• We achieve a unified multi-modal style feature space and
unveil new emergent capabilities through multi-modal

alignment, which accommodate various sources including
motion, text, images, audio, and video, for flexible and
versatile multi-modal style control.

• Extensive experiments demonstrate that STYLEMOTIF
consistently outperforms existing methods regarding style
expressiveness, content preservation, and efficiency.

2. Related Work
Human Motion Generation. Recent progress in human
motion generation [3, 5, 8, 13, 14, 41–43, 46, 55, 57, 58, 62]
has been driven by transformer [14, 34] and diffusion mod-
els [2, 8, 49, 66], showing great potential in producing re-
alistic and diverse motions. These approaches have shown
great potential in producing realistic and diverse motion
sequences. For example, Momask [14] improves motion
generation using a residual VQ-VAE. Similarly, LaMP [34]
introduces a motion-aware text encoder and a motion-to-text
language model to enhance motion quality through text con-
ditioning. Diffusion models, in particular, have become a key
approach in motion generation [6, 22, 27, 48, 54, 61, 65, 67].
MDM [54] introduces a motion diffusion model that oper-
ates directly on raw motion data to capture the relationship
between motions and input text conditions. MLD [6] im-
prove efficiency by embedding the diffusion process in latent
space, reducing computational cost. They also allow condi-
tioning on specific constraints, such as predefined trajecto-
ries [27, 55, 59] or human-object interactions [7, 40, 57], en-
abling greater control and diversity. Our work leverages pre-
trained motion latent diffusion model [6] and multi-modal
foundation models [12] to achieve stylized human motion
generation while maintaining high motion quality.

Motion Stylization. Motion stylization [1, 24, 28, 37, 39,
44, 45, 50, 51, 53, 56, 60] involves transferring stylistic fea-
tures from a reference motion to a source motion/textual
prompt, enabling creative transformations while preserving
the original motion content. Early methods, like those in
motion style transfer [1, 24], typically separate motion con-
tent and style for recombination. For instance, Aberman
et al. [1] used a generative adversarial network to decouple
style from content without paired data, while Motion Puz-
zle [24] allows style control for individual body parts, and
Guo et al. [15] utilized pretrained motion models for bet-
ter style integration. Recent approaches, like SMooDi [73],
generate stylized motion from text and style sequences us-
ing style guidance. However, these models face two main
challenges: (1) inefficient architectures that duplicate dif-
fusion backbones for content and style , and (2) limited to
style motion for guidance. Another concurrent approach,
MulSMo [33], attempts to address some of these by intro-
ducing a bidirectional control flow between style and content
networks, reducing conflicts. Still, it remains restricted to
a few modalities and duplicates diffusion networks. In this
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Figure 2. Overall Pipeline of STYLEMOTIF, a diffusion framework for multi-modal motion stylization. Given a text prompt and a
reference style from various modalities, our model extract style features and fuse them with content by style-content cross fusion. Through
multi-modal alignment with contrastive learning, we enable seamless multi-modal conditioning and flexible stylization across motion, text,
images, audio, and video.

work we eliminate redundant diffusion backbone, resulting
in a simpler, more effective, and efficient approach to styl-
ized motion generation. Our method also enables efficient
multi-modal motion stylization, supporting text, image and
multi-modal inputs while maintaining both high stylization
quality and motion realism.

Multi-modality Learning. Recent advancements in multi-
modality learning [9, 10, 38] have revolutionized various
domains by enabling joint understanding across diverse
data types. Foundational models like CLIP [47] and its
extension [16, 68, 69, 75] establish robust vision-language
alignment, while ImageBind [12], Point-Bind [17], and
Language-Bind [74] expand this paradigm to diverse modal-
ities, demonstrating emergent cross-modal capabilities. The
rise of multi-modal large language models [4, 19, 21, 30, 31,
64, 72] further enhances semantic understanding through uni-
fied text-visual processing, achieving superior performance
across 2D images [11, 29, 70], 3D point clouds [17, 18, 52],
and complex reasoning scenarios [20, 26, 71]. For human
motion, some approaches [5, 14, 25] incorporate multiple
modalities into human motion understanding and generation
tasks. Our work introduces the first framework for multi-
modal guided motion stylization, achieving seamless style
injection from diverse modalities through a single diffusion
architecture with style-content cross fusion.

3. STYLEMOTIF: Multi-Modal Motion Styliza-
tion with Style-Content Cross Fusion

We propose STYLEMOTIF, a novel framework for stylized
motion synthesis that combines style-content cross fusion
and multi-modal motion stylization, as illustrated in Figure 2.
Our approach integrates a style-content cross fusion mech-
anism that allows for coherent feature blending, ensuring
the generated motion accurately reflects the reference style
while maintaining the content’s realism (§3.2). This mecha-
nism is complemented by a multi-modal motion stylization
strategy, which leverages inputs from diverse modalities such
as image, video, audio, and text to provide control over the
stylization process (§3.3). This framework enables highly
flexible and realistic stylized motion synthesis, which offers
greater control and diversity.

3.1. Overview
Preliminaries. Motion Latent Diffusion (MLD) [6] for-
mulates a conditional latent diffusion model by training
ϵθ(zt, t, c) to denoise a sequence of latents {zt}Tt=0, where
zt ∈ Rn×d represents the motion latent at timestep t, con-
ditioned on the distribution p(zt|c). A conditional domain
encoder τθ(c), such as CLIP [47], enables text-to-motion
tasks, and the model is trained as ϵθ(zt, t, τθ(c)). To in-
corporate additional style conditioning, a style condition s
can be introduced with its own encoder ψθ(s), which may
take the form of a motion or text encoder. This extends
the model to ϵθ(zt, t, τθ(c), ψθs(s)). SMooDi [73] adopts a
ControlNet [66]-style approach for style conditioning by
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creating a trainable copy of the neural network weights
θs from the original MLD model θc. This copy includes
zero-initialized linear layers, denoted as Z(·; ·). The out-
put F i(zt, t, τθ(c), ψθ(s); θc) of the i-th MLD block, now
conditioned on style, is computed as:

F i(zt, t, τθ(c),ψθs(s); θc) = F i(zt, t, τθ(c); θc)

+ Z(F i(zt, t, τθ(c), ψθs(s); θs); θzi) (1)

A key property of this formulation is that since θzi is initial-
ized to zero, thus F i(zt, t, τθ(c), ψθ(s)) = F i(zt, t, τθ(c))
at the beginning. However, the tradeoff of that method is
that it needs to maintain the additional parameters θs and θzi
in order for style transfer.

STYLEMOTIF. We propose STYLEMOTIF, eschewing
zero linear layers in favor of injecting it directly via sta-
tistical manipulation, with the pipeline shown in Figure 2
describing our approach. Our STYLEMOTIF utilizes latent
space diffusion within a single generative diffusion back-
bone, building upon a pretrained MLD model [6]. Instead
of perturbing the outputs of each block i via zero initial-
ized layer Z(F i(zt, t, τθ(c), ψθ(s); θs); θzi), STYLEMOTIF
replaces this with a statistically transformed style embed-
ding that is injected into the original MLD branch. This
simplifies the model while ensuring high-quality stylization
results, whose details are presented in § 3.2. Also, we follow
SMooDi’s generation guidance and training scheme to en-
sure high-quality stylized motion synthesis. We use a hybrid
guidance strategy that balances content fidelity and style
adherence by combining classifier-free and classifier-based
techniques during diffusion sampling.

3.2. Style-Content Cross Fusion
Style Encoder Pre-training. To establish a robust founda-
tion for style-content fusion, we combine the content knowl-
edge from the pre-trained MLD’s [6] VAE with the style
knowledge from the 100STYLE [37] dataset. The MLD’s
VAE is pre-trained on the HumanML3D [13] dataset, which
provides extensive understanding of content motion. Build-
ing on this, we further fine-tune the model on the 100STYLE
dataset in a variational autoencoding manner to initially align
the content and style data distributions in the latent space.
After training, we discard the decoder and retain only the
encoder as the motion style encoder. This reconstruction
task enables the encoder to learn robust motion feature repre-
sentations, which are essential for supporting the subsequent
stylization process. By integrating content and style knowl-
edge in this way, we ensure a strong foundation for seamless
style-content fusion.

Style-Content Cross Normalization. To train a stylized
diffusion model ϵθ(zt, t, τθ(c), ψθ(s)), we effectively fuse

content and style features directly within the latent space
diffusion process instead of duplicating two pre-trained dif-
fusion backbones for content and style or separate control
mechanisms [66]. Prior work [23, 32] has proven that feature
statistics (mean, variance) effectively encode style. Given
the output features F i of the i-th block, we derive the con-
tent features F i

c = F i(zt, t, τθ(c); θc) from the input text
c, and the style features Fs = ψθs(s) are extracted from
the reference motion sequence s using the pre-trained style
encoder. To perform the fusion, we first compute the mean
µc and variance σ2

c of the content features across the feature
dimension:

µc =
1

D

D∑
j=1

F i,j
c , (2)

σ2
c =

1

D

D∑
j=1

(
F i,j

c − µc

)2
, (3)

where F i,j
c denotes the content features of the i-th block and

the j-th feature element. Next, we normalize the style fea-
tures Fs using these content statistics, ensuring that the style
features are adapted to the content’s statistical properties:

F̃s,c =
Fs − µc√
σc2 + η

, (4)

where η is a constant added for numerical stability. This
style-content cross normalization ensures that the style fea-
tures are smoothly integrated with the content features while
maintaining the content’s original structure. After that, we
add the normalized style features to the content features,
formulating our final cross-normalization as

F i(zt, t, τθ(c),ψθs(s); θc) = F i
c + γ · F̃s,c, (5)

where γ is a parameter used for scaling the normalized value.
F̃s,c can be thought of as a perturbation of F i

c as it is scaled
within its range. Notably, the fusion process is performed
only once after the m-th block during the denoising process
to avoid distorting the content while effectively introducing
the style. This efficient fusion method eliminates the need
for additional learnable parameters, as it is based solely
on statistical transformations, achieving high-quality results
with minimal computational overhead.

3.3. Multi-Modal Motion Stylization
Our STYLEMOTIF extends to support multi-modal motion
stylization. To achieve this, we integrate a pre-trained multi-
modal foundation model [12], which provides a unified,
multi-modal aligned feature space, enabling effective cross-
modal alignment between motion and other modalities. With
this alignment, our model can flexibly combine multiple
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input modalities, such as text, image, audio, and video, to
guide the stylization process in a comprehensive manner.
This capability results in emergent abilities for multi-modal
motion stylization, allowing for more nuanced outputs.

Motion-Text Pair Curation. To align motion with other
modalities, we process a set of motion-text pairs using the
curated 100STYLE subset [37], which is carefully selected
to avoid conflicts between content and style motions, so that
the model can effectively learn the relationships between
motion and text. Each motion sequence is paired with a
corresponding single textual label, which serves as the text
prompt. The curated motion-text pairs will be used for the
following cross-model alignment.

Multi-Modal Alignment. To maintain the alignment
within the multi-modal space, we freeze the text encoder
of ImageBind [12] and introduce a lightweight projection
layer after the encoder. This projection layer aligns the fea-
ture dimensions of the text and motion encoders. Since the
multi-modal model represents each modality with a global
feature, our alignment process focuses on these global fea-
tures to achieve robust alignment between text and motion
representations, formalized as:

Ft = π
(
Etext(l)

)
, (6)

Fs = ψθs(s), (7)

where l and s are the paired input text label and style motion,
Ft and Fs denote the feature representations from the text
and style motion encoders, Etext and ψθs , respectively, and π
represents the projection operation that maps text features
into the motion feature space. We employ a contrastive
learning loss [63] to align the feature spaces of motion and
text, bringing them closer together in the shared multi-modal
space. Thus, we obtain a unified space between motion and
all the modalities. We formulated it as

Lalign = −1

2

∑
(i,j)

log
exp

Fi
t ·F

j
s

τ0∑
k exp

Fi
t ·Fk

s

τ0

+ log
exp

Fi
t ·F

j
s

τ0∑
k exp

Fk
t ·Fj

s

τ0

,

(8)

where t and s represent two modalities (text and style mo-
tion) and (i, j) indicates a positive pair in each training batch,
k indexes all samples in the batch, including both positive
and negative ones, and τ0 is a temperature parameter. During
inference, we obtain the multi-modal (text, image, video, or
audio) features from the multi-modal input m,

Fm = EImageBind(m), (9)

where EImageBind denotes ImageBind [12]. We use the multi-
modal features Fm to retrieve the most semantically similar

motion features from the unified multi-modal space. The re-
trieved motion features are then used to guide the stylization
process, ensuring that fine-grained style details are preserved
and accurately reflected in the final output. This approach
enhances the model’s ability to generate stylized motions
that are both contextually relevant and visually coherent.

4. Experiment
We provide extensive quantitative and qualitative analyses
across multiple tasks in this section.

4.1. Experimental Settings
Implementation Details. We adopt the pre-trained
MLD [6] as the foundation for motion generation. The style
encoder of our model derives from the encoder of MLD’s
VAE, while the projection layer after text encoder is a single
Linear layer. During diffusion training, we only enable the
style encoder to be trainable while freezing other parameters.
The model is optimized using the AdamW optimizer [35]
with a constant learning rate of 10−5.

Dataset Settings. We use the HumanML3D [13] dataset
as our primary motion content dataset, which collects 14,616
motion sequences from AMASS [36] and annotates 44,970
sequence-level textual description. To train the style net-
work, we utilize the 100STYLE [37] dataset, containing
45,303 style motions. We also adopt the text annotations
for 100STYLE from previous work [73], which are pseudo
text descriptions generated from MotionGPT [25]. We uti-
lize the consistent root-velocity motion representations from
HumanML3D for both the content and style data.

Baselines. We mainly evaluate our method against
SMooDi [73] on motion-guided stylization and motion style
transfer tasks. We also compare our text-guided stylication
with ‘ChatGPT+MLD’ approach, which utilize ChatGPT
to combine style text and content text, and functions as a
straightforward text-to-motion model without control capa-
bilities [73]. Additionally, we qualitatively compare our
model with SMooDi on motion-guided stylization.

Evaluation Metrics. To evaluate our model, we use sev-
eral metrics following previous works [73]. We measure
R-precision, Multi-modal Distance (MM Dist), Diversity,
and Frechet Inception Distance (FID) to assess how well the
content from text is preserved and how realistic the gener-
ated motions are. We use Style Recognition Accuracy (SRA)
to evaluate how accurately the style of the reference motion
is reflected in the generated motion. Also, we adopt the Foot
Skate Ratio, which helps assess the realism of the generated
motion, reducing artifacts like foot sliding. During evalu-
ation, following previous works [73], we randomly select
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Method SRA ↑ FID ↓ MM Dist ↓ R-Precision ↑ Diversity Foot Skate
(Top-3) → Ratio ↓

Motion-Guided Stylization

MLD + Aberman [1] 54.37 3.309 5.983 0.406 8.816 0.347
MLD + Motion Puzzle [24] 63.77 6.127 6.467 0.290 6.476 0.185
SMooDi [73] 72.42 1.609 4.477 0.571 9.235 0.124
STYLEMOTIF (Ours) 77.65 1.551 4.354 0.586 7.567 0.097

Text-Guided Stylization

MLD + ChatGPT [73] 4.82 0.614 4.313 0.605 8.836 0.131
STYLEMOTIF (Ours) 56.71 0.603 3.684 0.690 9.101 0.101

Table 1. Quantitative Results for Motion-Guided and Text-Guided Stylization.
Bold values denote the best performance. As there is no ground-truth reference for
Diversity, no value is highlighted in bold; but the metric is provided for reference.

Method SRA ↑ FID ↓ Foot Skate
Ratio ↓

MLD + Aberman [1] 61.01 3.892 0.338
MLD + Motion Puzzle [24] 67.23 6.871 0.197
SMooDi [73] 65.15 1.582 0.095
STYLEMOTIF (Ours) 68.81 1.375 0.094

Table 2. Quantitative Results of Motion Style
Transfer on HumanML3D [13] dataset. Our
method outperforms previous works in all metrics,
which demonstrates effective style-content fusion
for high-quality motion style transfer, providing sig-
nificant advantages for downstream tasks besides
motion stylization.

Motion-guided Stylization
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Frame
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“A	person	walks	in	a	circle.”
Input
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Figure 3. Qualitative Results of Motion-Guided Stylization. Our model generates cohesive and realistic motions that effectively align
style and content, such as preserving the ‘circular’ trajectory (first column) and ‘hop’ content (third column). In contrast, SMooDi [73]
struggles to maintain content fidelity and sometimes fails to reflect the specified style (e.g., ‘phone on the left’ in the second colum).

a content text from HumanML3D [13] and a style motion
from 100STYLE [37], and compute SRA for the generated
motion using a pre-trained classifier [73].

4.2. Motion-guided Stylization
Quantitative Analysis. In Table 1, we report the quantita-
tive results for motion-guided stylization, where the motion
serves as style input while text prompt as content one. Our
method outperforms three baseline approaches [1, 24, 73] in
all metrics. Specifically, we achieve a 5.23% improvement
in SRA while maintaining competitive performance in FID
compared to the best baseline [73]. It demonstrates that our
method, by effectively utilizing style-content cross fusion,
generates motions that better align with the style reference

while maintaining content integrity, showcasing the strength
of our design in balancing style and content preservation.

Qualitative Analysis. In Figure 3, we show some qualita-
tive results of motion-guided stylization from our model and
baseline [73]. Compared with the baseline, our model pro-
duces more cohesive stylized motions, with better alignment
of style and content. For instance, in the provided examples,
SMooDi fails to maintain the ‘circular’ trajectory or ‘hop’
action specified by the content or cannot accurately reflect
the intended style, ‘phone on the left’. This indicates that
our approach more effectively integrates style and content,
resulting in more realistic and consistent stylized motions.
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Figure 4. Qualitative Results of Text-Guided Stylization. Our model
seamlessly integrates textual style descriptions with content, producing
visually coherent and stylistically consistent results.
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Figure 5. Qualitative Results of Style Interpolation. Our model
blends multiple style inputs while preserving content integrity,
demonstrating effective style-content fusion of our model.
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Figure 6. Qualitative Results of Multi-Modal Motion Stylization. Our model generates stylized motions guided by diverse modalities
(e.g., text, image, video, audio), effectively transferring style while preserving content integrity.

4.3. Text-guided Stylization
Quantitative Analysis. For the text-guided stylization
task, we use the HumanML3D [13] dataset for motion con-
tent and employ the single text label [37] as the style con-
trol. As reported in Table 1 (Bottom), our method signifi-
cantly outperforms the baseline, achieving 56.71% in SRA,
compared to 4.82% for ‘ChatGPT + MLD’. Moreover, our
method maintains competitive FID, balancing style reflec-
tion with content preservation. This indicates that our design,
which combines multi-modal alignment, help utilizes the
style signal in the motion-text shared spaces and achieve
significant effectiveness in text-guided stylization.

Qualitative Analysis. In Figure 4, we showcase qualita-
tive results for text-guided stylization, where our model also
demonstrates strong capability in harmonizing style and con-
tent, generating high-quality and visually coherent results.

4.4. Motion Style Transfer
For the motion style transfer task, we use the Hu-
manML3D [13] dataset for motion content and the

100STYLE dataset [37] for motion styles. As shown in Ta-
ble 2, our method outperforms the baseline models across all
key metrics. Specifically, we achieve a 3.66% improvement
in SRA, indicating better style reflection, and a 0.207 reduc-
tion in FID reflecting improved realism. These demonstrate
that our framework not only improves the alignment between
style and content but also provides significant advantages for
downstream tasks like motion style transfer with efficient
style-content cross fusion. By maintaining content integrity
while seamlessly integrating style, STYLEMOTIF ensures
more realistic and dynamically consistent stylized motions,
which is critical for high-quality motion style transfer.

4.5. Multi-Modal Motion Stylization
With the power of the aligned multi-modal space, our model
supports stylization guided by a variety of modalities, in-
cluding motion, text, image, video, audio. Here, we utilize
the input style feature to retrieve the corresponding motion
features as the style condition, while the content input is pro-
vided as text prompt. The model then generates a stylized
motion that incorporates the style from the input modality
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Figure 7. Ablation Study on Scal-
ing Ratio γ in Eq. 5. We report both
SRA and FID to show the impact of
the scaling ratio on both stylization
and content preservation.

Style Encoder Pre-training Strategy

HumanML3D 100STYLE SRA ↑ FID ↓ MM Dist ↓ R-Precision ↑ Diversity → Foot Skate Ratio ↓

- ✓ 76.73 1.788 4.349 0.571 7.505 0.101
✓ - 76.58 1.635 4.458 0.572 8.534 0.109
✓ ✓ 77.65 1.551 4.354 0.586 7.567 0.097

Text in Multi-modal Alignment

Textual Expression SRA ↑ FID ↓ MM Dist ↓ R-Precision ↑ Diversity → Foot Skate Ratio ↓

Brief Description 76.84 1.580 4.378 0.578 7.251 0.099
Detailed Description 75.25 1.622 4.419 0.563 7.764 0.102

Single Text Label 77.65 1.551 4.354 0.586 7.567 0.097

Table 3. Ablation Study on Style Encoder Pre-training Strategies and Text Expression
for Multi-modal Alignment. ‘w. HumanML3D’ and ‘w. 100STYLE’ denote pre-training
with HumanML3D [13] and 100STYLE [37] data respectively.

while maintaining the content integrity as specified by the
text prompt. We showcase several examples of multi-modal
motion stylization in Figure 6, where different modalities
guide the motion generation. For instance, when a text con-
tent “A person is walking.” is provided alongside an image
of a duck as style input, the model retrieves a relevant motion
feature and blends the content with the style of ‘Duckfoot’.
As shown, the style from various inputs (text, image, video,
audio) is effectively transferred to the generated motion.

4.6. Style Interpolation
Leveraging the aligned multi-modal space, our model en-
ables text-guided style interpolation. Given one content text
along with at least two style style texts, our model generates
a motion that combines the characteristics of all input styles.
When style texts are provided, we retrieve the most similar
style motion features from the shared space. These features
are then combined by weighted summation. The combined
style features are fused with the content features using the
proposed style-content cross fusion. In Figure 5, we show-
case some qualitative results of style interpolation in, where
the generated motions successfully blend the characteristics
of both styles while maintaining the content’s integrity.

4.7. Ablation Study
Style Encoder Pre-training. In Table 3, we investigate
the impact of different pre-training strategies for the style
encoder. Our results show that pre-training on both Hu-
manML3D [13] and 100STYLE [37] yields the best per-
formance. Compared to pre-training solely on either one,
the combined training on both datasets provides the style
encoder with a richer set of prior knowledge. This enables
the model to effectively balance content preservation and
style reflection, leveraging the diverse characteristics of both
datasets to enhance the overall stylization quality.

Cross Normalization Scaling Ratio. In Figure 7, we ex-
amine the effect of different scaling ratios γ in Eq. 5 on
the stylization performance. As shown, the model achieves

the best performance with γ = 0.6, striking an optimal bal-
ance between style reflection and content preservation. The
choice of scaling ratio influences both SRA and FID, where
the optimal value improves stylization without sacrificing
content integrity.

Text Expression for Multi-modal Alignment. In Table 3,
we also explored different text representations for contrastive
learning alignment. Specifically, we tested single labels (e.g.,

“Old”), brief descriptions (e.g., “An old person”), and more
detailed descriptions (e.g., “An old person is moving slow
and stiff”). Our experiments show that using a single label
produced the best results, providing a clearer and more con-
cise style signal for the model while avoiding unnecessary
complexity in the text representation.

5. Conclusion

In this work, we introduce STYLEMOTIF, a novel styl-
ized motion diffusion model capable of generating motion
conditioned on both content and style from multiple modal-
ities. Unlike prior approaches that either focus on motion
generation across various content types or style transfer be-
tween sequences, STYLEMOTIF effectively synthesizes mo-
tion while incorporating stylistic cues from multi-modal in-
puts, including text, image, video, and audio. To achieve
this, we introduce a style-content cross fusion mechanism
and align a style encoder with a pre-trained multi-modal
model. Through extensive experiments across diverse ap-
plications, we demonstrate that STYLEMOTIF outperforms
existing methods in stylized motion generation, producing
high-quality, realistic results that faithfully adhere to the
given style references. Moreover, our model exhibits emer-
gent capabilities for multi-modal motion stylization, en-
abling richer and more nuanced motion synthesis. These
findings indicate the potential of STYLEMOTIF in advanc-
ing stylized motion generation and open new avenues for
future research in multi-modal-driven motion synthesis and
style-aware generative models.
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