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Abstract

While existing motion style transfer methods are effective
between two motions with identical content, their perfor-
mance signi�cantly diminishes when transferring style be-
tween motions with different contents. This challenge lies
in the lack of clear separation between content and style
of a motion. To tackle this challenge, we propose a novel
motion style transformer that effectively disentangles style
from content and generates a plausible motion with trans-
ferred style from a source motion. Our distinctive approach
to achieving the goal of disentanglement is twofold: (1) a
new architecture for motion style transformer with ‘part-
attentive style modulator across body parts’ and ‘Siamese
encoders that encode style and content features separately’;
(2) style disentanglement loss. Our method outperforms ex-
isting methods and demonstrates exceptionally high quality,
particularly in motion pairs with different contents, without
the need for heuristic post-processing. Codes are available
at https://github.com/Boeun-Kim/MoST.

1. Introduction

Motion style transfer has received considerable attention
for its potential to generate character animations re�ect-
ing human personalized characteristics in applications such
as games, metaverse, and robotics. Our goal is to trans-
fer stylistic characteristics from a source motion sequence
(style motion) to a target motion sequence (content motion)
without manually providing style labels. Performing this
style transfer between motion sequences is a considerably
more challenging task [1, 14, 20, 28] compared to generat-
ing motion when both content and style labels are manually
provided [2, 25].

The most signi�cant challenge is transfer failure, where
the generated motion loses content of thecontent motionor
does not re�ect style of thestyle motion. Transfer failure
often occurs when the contents of thestyle motionandcon-
tent motiondiffer from each other,e.g.kick and punch. Cer-
tainly, its complexity arises from the signi�cant variation in

Figure 1. Frequent failure cases in existing methods: (a) A result of
MotionPuzzle [14] replicatingstyle motion. (b) A result of Aber-
manet al. [1] showing complete failure with twisted motion. The
character for the visualization is sourced from Mixamo [13].

style expression between different parts of the body for dis-
tinct contents. Despite the practical importance of transfer-
ring styles between different content, existing approaches
have not primarily addressed these cases, nor have they been
comprehensively evaluated, either qualitatively or quantita-
tively. Fig. 1 illustrates representative failure cases in ex-
isting methods. They fail to clearly disentangle style from
source content and appropriately transfer it to the target con-
tent. Fig. 1 (a) illustrates the result of MotionPuzzle [14],
where the generated motion, intended to be a jump, instead
displays a kick. This method tends to replicate the motion
pattern of thestyle motionrather than effectively transfer-
ring disentangled style. In Fig. 1 (b), Abermanet al. [1]
utterly fails to generate a plausible motion. Abermanet al.
recognized this issue, acknowledging that their method is
less effective in motions other than walking and running.

The additional notable limitation found in recent stud-
ies [1, 14, 20, 28] is the requirement for heavy post-
processing. These methods generate only the body pose of
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each frame and cannot generate the global translation. In-
stead, they copy the global translation from thecontent mo-
tion in a post-processing step. However, this copying pro-
cess degrades the quality of the generated motion, as high-
lighted by Parket al. [20] and Janget al. [14] in their papers.
Parket al. point out that inconsistencies may be caused be-
tween the generated pose and the copied global translation.
Furthermore, methods of [1, 14, 20] heuristically grab the
foot contact timings in thecontent motionand forcibly �x
the generated motion to make the feet touch the ground at
those speci�c timings. Without �xing, feet often penetrate
the �oor or �oat in the air in their generated motions.

To address the primary concern of transfer failure, we de-
sign a new framework called MoST and new loss functions
for effectively transferring style between different contents.
As style manifests in different patterns across various body
parts based on content, MoST handles body part-speci�c
style and content features. MoST comprises transformer-
based Siamese motion encoders, a part-attentive style mod-
ulator (PSM), and a motion generator. In contrast to the
previous methods [1, 14, 20] that build two separate net-
works for encoding content and style features, we introduce
Siamese motion encoders capable of simultaneously ex-
tracting both features from an input motion. Subsequently,
PSM modulates the raw style feature extracted from the
style motionto align with the content of thecontent motion
before being inserted into the generator. This modulation
enables effective disentanglement of style from thestyle
motion and its expression in thecontent motion. Further-
more, we propose new loss functions. The style disentan-
glemfent loss aims to distinctly separate style and content.
This separation enhances the model’s robustness in trans-
ferring style, irrespective of the content of thestyle motion.

Our resulting motions are of high quality, eliminating the
need for any heuristic post-processing. MoST achieves this
by generating global translational motion along with pose
sequences. In the proposed framework, the global trans-
lational feature and body part features exchange their in-
formation via attention, ensuring consistency between the
generated poses and global translation. Moreover, to miti-
gate issues such as jittering and foot-skating, we introduce
a physics-based loss. We evaluated the proposed model on
two representative motion capture datasets [1, 30], verifying
its performance both qualitatively and quantitatively. The
main contributions of this study are summarized as follows:

� We design MoST, incorporating Siamese encoders and
PSM, to effectively disentangle style from the source
motion and align it with the target content.

� We propose novel loss functions to improve the
model’s ability to disentangle style from content
within the motion and generate plausible motion.

� MoST substantially outperforms existing methods,
particularly when the two inputs have different con-

tents. Furthermore, our method achieves high �delity
in its output without the need for any post-processing.

2. Related Works

2.1. Motion and Image Style Transfer

Style transfer methods usually have been developed in the
image domain �rst [4, 9, 12, 15, 18] and applied to the
motion domain [1, 8, 10, 11, 20, 28]. In image style trans-
fer, Gatyset al. [9] �rst obtained style and content features
from a neural network rather than hand-crafted features.
The style transfer model is optimized to yield features sim-
ilar to both style and content features extracted from the
given input images. Johnsonet al. [15] proposed a real-
time optimization framework by using the perceptual loss.
The work of Holdenet al. [10] was the �rst in motion style
transfer, which adopts the optimization framework of Gatys
et al. [9]. Holdenet al. [11] and Duet al. [8] improved run-
time and memory ef�ciency by replacing a training proce-
dure similar to the approach of Johnsonet al. [15].

Recently, Huanget al. [12] introduced AdaIN, which
simply replaces style statistics in certain layers during train-
ing. Inspired by the work of Huanget al. [12], Aber-
manet al. [1] proposed temporally invariant AdaIN which
is applied in the temporal convolution layers. Kingmaet
al. [18, 19] �rst introduced a generative �ow [7] into an im-
age generation framework. Few years later, Wenet al. [28]
adopted the generative �ow model into motion style trans-
fer, generating plausible motions with less jittering. How-
ever, the method is limited in capturing the global style fea-
ture owing to the extraction of the style feature from the
small window. Furthermore, the model has large parameters
and is extremely slower than other methods [1, 20]. Choi
et al. [4] proposed an image-to-image translation method
aimed at multiple domains. Parket al. [20] adopted this ap-
proach regarding the styles as domains. The style encoder
successfully separates distinctive style features in the la-
tent space due to the head layers, which are constructed
separately for each style. However, a style label should be
injected into the network along with the style motion se-
quence in this method. Furthermore, pose twisting and jit-
tering are frequently shown in the generated motion. The
recent methods of motion style transfer [1, 20, 28] have
common shortcomings. The methods encounter dif�culties
in transferring styles between motions with different con-
tents, and they require hard post-processing, such as �xing
foot contact or copying global translation.

Most recently, StyleFormer [29] and StyTr2 [6] have suc-
cessfully applied the transformer architecture to image style
transfer, generating stylized images through cross-attention
between content and style features. Taking inspiration from
these works, we introduce the transformer architecture to
the motion encoder and generator. Motion requires more
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Figure 2. (a) Overall framework of MoST comprising Siamese motion encodersE, motion generatorG, and part-attentive style modulator
(PSM). PSM modulates style featureSS under the condition of both contents of content motion and style motion,i.e., CC andCS . G
generates �nal output motion with content dynamics featureY C and the modulated style feature~SS . (b) Detailed operations in PSM

precise modeling than images because even small tempo-
ral inconsistencies or incorrect joint movements are notice-
able. Therefore, eliminating the original style and injecting
a new style into the motion demands careful consideration.
Our framework aims to disentangle content and style clearly
and modulate style to be expressed effectively in the target
motion, resulting in a plausible output motion.

2.2. Recent Studies on Motion Modeling

There are some methods that synthesize motion using given
labels of style and content [2, 25]. Changet al. introduced
a diffusion-based model, and Taoet al. proposed an online
synthesis method. Tanget al. introduced a method to styl-
ize transitional motion between two frames [24]. Our goal
is more complex compared to these methods, as we aim to
transfer style between two input motions of diverse action
types rather than using labels directly. Recently, there have
been many studies that generate motion from a textual de-
scription [3, 5, 21, 26]. MotionCLIP [26] generates motions
from arbitrary texts owing to the alignment of a human mo-
tion manifold and contrastive language-image pre-training
(CLIP) [22] space. MLD [3] and MoFusion [5] generate
realistic motions from long-sequence descriptions utilizing
conditional diffusion models.

Similar to our task, MotionPuzzle [14] presents an inno-
vative framework that transfers manually speci�ed motion
into a desired body part, allowing the combination of multi-
ple target motions. However, the method has limitations in
disentangling the style and content characteristics, result-
ing in the duplication of thestyle motioninstead of trans-
ferring only the disentangled style. Nevertheless, Motion-
Puzzle provided essential inspiration for our work handling
motion features by body parts for precise motion modeling.

3. Method
3.1. Overall Framework

The proposed framework aims to transfer the style from
a givenstyle motionM S to a givencontent motionM C

to generatedM G = MoST(M C ; M S ). As depicted in
Fig. 2 (a), our framework comprises Siamese motion en-
codersE, motion generatorG, and a part-attentive style
modulator (PSM).E is designed to encode both a con-
tent feature and a style feature simultaneously from a sin-
gle motion. We utilizeE to encode bothM C andM S as
E(M C ) = f SC ; Y C g, E(M S ) = f SS ; Y Sg, whereY ( �)

denotes frame-level content dynamics features andS( �) de-
notes a body part-speci�c style feature. The content fea-
ture ofM S , which is unobtainable by the style encoders in
previous methods, is utilized as additional information for
subsequent steps. Subsequently,SS is modulated through
the PSM asPSM(SS jCS ; CC ) = ~SS , whereCC andCS

are obtained by temporally poolingY C andY S . Finally, G
produces the generated motionM G from Y C based on the
modulated style feature~SS asG(Y C ; ~SS ) = M G .

3.2. Motion Representation

The motion sequence is de�ned byM = f mj
t ; mroot

t ;
vt jj = 1 ; � � � ; J ; t = 1 ; � � � ; Tg, whereJ is the num-
ber of body joints andT is the maximum length of the
model input.f mj

t 2 R7jj = 1 ; � � � ; J g denotes local mo-
tion, wheremj

t represents thej -th joint vector in thet-th
frame. mroot

t 2 R7 and vt 2 R4 denote global transla-
tion and global velocity, respectively. Note thatM C , M S ,
andM G have the same form asM . mj

t , mroot
t , andvt con-

tain both positional and angular representations. More de-
tails are available in the supplementary material.
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We generate motion embeddings that are the input ten-
sors ofE. Inspired by the method of [14], we grouped the
joints intoP body parts, accounting for the body structure.
Moreover, to consider global translational motion, which
existing methods overlook, we acquire a separate embed-
ding of global translation in addition to body part embed-
dings.i -th body part embedding att-th frame, is written as

�p( t;i ) = FC(p( t;i ) ) 2 Rd; p( t;i ) = jj J i

j mj
t 2 R7N J i ; (1)

wherep( t;i ) is a concatenated vector of local joint vectors in
the i -th body part.J i is the set of joints within thei -th part,
andNJ i denotes the number of joints inJ i . d denotes the
feature dimension of each body part embedding.FC(�) and
jj indicate the fully-connected layer and the concatenation
operation, respectively. The global translation embedding�gt
is obtained as

�gt = [ �mroot
t ; �vt ] 2 Rd;

�mroot
t = FC(mroot

t ) 2 Rd=2; �vt = FC(vt ) 2 Rd=2:
(2)

Subsequently, the �nal embedding tensorX is expressed as

X = [ X 1; � � � ; X t ; � � � ; X T ]> 2 RT � (P +1) � d; (3)

X t = [�p( t; 1) ; � � � ; �p( t;i ) ; � � � ; �p( t;P ) ; �gt ]> 2 R(P +1) � d:

3.3. Siamese Motion Encoders

The frameworks of existing methods [1, 14, 20] consist of
separate style encoders and content encoders. However, we
introduce a Siamese architecture for both encoders to elim-
inate redundancy. Furthermore, we design the encoder to
extract both style and content features from each motion,
which are utilized in the next step. In contrast to the style
encoders of Parket al. [20] and Wenet al. [28], which
can only extract style from a short-range time window, our
model extracts a global style feature across the entire mo-
tion sequence.

Motion encoder,E(M ( �) ) = f S( �) ; Y ( �) g, comprisesN
stacked transformer blocks, and each block contains body
part attention and temporal attention modules. We adopt the
transformer architecture from the method of [16], but we
employ part attention instead of joint attention. Addition-
ally, we introduce a style token to aggregate the style fea-
tures across an entire motion sequence. Let us denoteZ n � 1

as the input motion tensor of then-th block. The input ten-
sor of the �rst block is represented as

Z 0 = [ X sty ; X 1; � � � ; X T ]> 2 R(T +1) � (P +1) � d; (4)

where X sty 2 R(P +1) � d is a trainable style token.
A positional embedding tensor is de�ned asE =
[E1; � � � ; E t ; � � � ; E (T +1) ]> 2 R(T +1) � (P +1) � d [16, 27].
In each block, the part attention module learns dependen-
cies between body parts at thet-th frame as

�Z n � 1
t = MHA(LN(Z n � 1

t + E t )) + ( Z n � 1
t + E t ); (5)

whereZ n � 1
t 2 R(P +1) � d is a sliced vector ofZ n � 1. LN(�)

denotes the layer normalization operator andMHA(�) de-
notes the multi-head attention operator. Subsequently, the
temporal attention module learns the dependencies between
frames as

Z n = MHA(LN( �Z n � 1 + E )) + ( �Z n � 1 + E ); (6)

where �Z n � 1 = [�zn � 1
sty ; � � � ; �zn � 1

T ]> 2 R(T +1) � (P +1) d and
�zn � 1

t 2 R(P +1) d is a vectorized form of�Z n � 1
t . We extract

the style feature matrix from the output of the(N � 1)-th
block as

S( �) = Z N � 1
sty 2 R(P +1) � d: (7)

To obtain a content feature,̂Z N � 1 = [ Z N � 1
1 ; � � � ; Z N � 1

T ]>
go through the last transformer block. In the last block, in-
stance normalization (IN) is applied to remove style charac-
teristics from the motion features [1, 12, 20] as

�Z N � 1
t;i =

Ẑ N � 1
t;i � � (Ẑ N � 1)

� (Ẑ N � 1)
; (8)

where� (�) and� (�) are operations that yieldd-dimensional
channel-wise mean and variance vectors from a tensor.
�Z N � 1 passes through body part attention and temporal at-
tention same asZ n � 1 in Eqs.(5) and (6). Subsequently, the
frame-level content dynamics feature is encoded as

Y ( �) = [ �Z N
1 ; � � � ; �Z N

T ]> 2 RT � (P +1) � d: (9)

3.4. Part›Attentive Style Modulator

Part-attentive style modulator (PSM) modulates the style
featureSS , which originates fromM S , to be more effec-
tively expressed inM C . The detailed operation is illustrated
in Fig. 2 (b). Initially,SS is expressed within the context of
CS , and our objective is to derive~SS , suitable for integra-
tion into CC . We initiate the process by computing cross-
attention between two content features,CS andCC , where
C( �) 2 R(P +1) � d is obtained by temporally poolingY ( �) .
This cross-attention identi�es how style should be transmit-
ted from a speci�c body part ofCS to a corresponding body
part ofCC , e.g.the legs in jump to the arm in punch. Sub-
sequently,~SS is generated by linear combinations of part-
speci�c style features ofSS 2 R(P +1) � d according to the
cross-attention. Consequently, PSM prevents the transmis-
sion of motion from an undesired body part ofM S , i.e. it
only transfers style well-disentangled from content inM S .
As a result, the generated motion preserves the distinct con-
tent of M C instead of confused combinations of motions
from M S andM C . The cross-attention mechanism is ap-
plied as

cross -MHA( �CC ; �CS ; �SS ) = ( jjh
i =1 H i )WH ; (10)

H i = Attn (LN( �CC )W Q
i ; LN( �CS )W K

i ; LN( �SS )W V
i );

�CC = CC + Ep; �CS = CS + Ep; �SS = SS + Ep;
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where Attn (Q; K; V ) indicates softmax (QK > =
p

d)V .
W Q ; W K ; W V 2 Rd� d0

and WH 2 Rd0h � d are weight
matrices for projection.d0 andh denote the projection di-
mension and the number of heads, respectively. As the in-
dex indicating the body part can serve as crucial informa-
tion, we incorporate positional embeddingEp 2 R(P +1) � d

for each input. Finally,�SS is calculated as

�SS = FC(SS ) + cross -MHA( �CC ; �CS ; �SS ); (11)
~SS = �SS + MLP(LN( �SS )) ; (12)

whereMLP(�) denotes multi-layer perceptron.

3.5. Motion Generator

The motion generator, denoted asG(Y C ; ~SS ) = M G , is
composed ofN stacked transformer blocks, similar toE.
Y C is introduced as an input tensor for the �rst transformer
block, denoted asU0 = Y C , whereUn � 1 represents the
input tensor of then-th block. SinceY C encapsulates ex-
tensive information regarding the frame-level dynamics of
each body part, content can be reliably conveyed toM G . To
incorporate~SS , we employ AdaIN [12], a method proven to
be effective in previous works [1, 20]. In each transformer
block, AdaIN is applied as

Ûn � 1
t;i = 


 
Un � 1

t;i � � (Un � 1)
� (Un � 1)

!

+ �;


 = FC( ~SS ) 2 Rd; � = FC( ~SS ) 2 Rd;

(13)

where� and
 are parameters modifying the channel-wise
mean and variance, respectively.Ûn � 1 passes through part
attention and temporal attention consistent withZ n � 1 in
Eqs.(5) and (6). The local motion, global translation, and
global velocity information of the generated motion are re-
constructed by the output feature tensor of the �nal trans-
former block,ÛN , as

f m̂j
t 2 R7jj 2 J i g = FC(ÛN

t;i ); (i � P ); (14)

m̂root
t = FC(ÛN

t; (P +1) ) 2 R7; (15)

v̂t = FC(ÛN
t; (P +1) ) 2 R4: (16)

Finally, the generated motion becomes

M G = f m̂j
t ; m̂root

t ; v̂t jj = 1 ; � � � ; J ; t = 1 ; � � � ; Tg:

3.6. Loss

We introduce thestyle disentanglement loss, aiming to ef-
fectively separate style from content. It increases the robust-
ness of our model in generating a well-stylized motion re-
gardless of content ofM S . It is written as

L D = EM C ;M S
a ;M S

b � M jj MoST(M C ; M S
a ) (17)

� MoST(M C ; M S
b )jj2;

whereM denotes the training set. We denotejjf�gjj 2 as a
sum ofl2-norms of all vectors in setf�g for simplicity. L D
minimizes the discrepancy between the generated motions
stylized byM S

a andM S
b , whereM S

a andM S
b denote two

style motionsthat have identical style labels but different
content labels.L D induces the model to clearly remove con-
tent fromM S , independent of the speci�c content present
in M S , thereby avoiding the blending of content intoM G .

Furthermore, we introduce thephysics-based lossto mit-
igate pose jittering and improve foot-contact stability. It
comprises regularization terms of velocity, acceleration, and
foot contact as

L phy = � vel Rvel + � accRacc + � foot Rfoot ; (18)

where� s denote weights of each regularization term.Rvel
andRacc are adopted by the method of [23] and [14]. As-
suming thatMoST(M G ; M C ) should be identical toM C , it
should have the same foot contact timing asM C . Therefore,
we introduce foot contact regularization as

Rfoot =
J feetX

j

0

@ 1
NT j

T jX

t

jj _̂mj
t jj2

1

A ; (19)

where _̂mj
t = m̂j

t +1 � m̂j
t . Jfeet includes the toe and heel

joints of both feet andTj is a set of frames where the foot
joint j contacts the �oor inM C . NT j indicates the number
of frames inTj . Additionally, commonly used loss func-
tions from existing methods [1, 14, 20] are utilized: ad-
versarial (L adv ), reconstruction (L recon ), and cycle consis-
tency (L cyc ) losses. The �nal loss is calculated as

L = � D L D + � phy L phy + L pre ;
L pre = � adv L adv + � recon L recon + � cyc L cyc : (20)

4. Experiments
Implementation Details.
We evaluate our model using two different motion datasets
captured by Xiaet al. [30] (Xia dataset) and Abermanet
al. [1] (BFA dataset) following [1], [20], and [28]. In both
datasets, the skeleton has 31 joints, and we select 21 joints
among them for training following[1, 20]. Xia dataset
consists of eight motion styles and six motion contents.
BFA dataset contains 16 styles and has long-length motion
sequences not separated by the types of contents. The mo-
tion sequences are down-sampled into 60fps which is half
of the original frame rate. The sequence is augmented by
applying a random crop during training.E andG comprise
three transformer blocks. We construct a discriminatorD
as a single-block transformer forL adv . T is set to 200.
We set� adv ; � D ; � vel ; � foot = 1 . � recon ; � cyc = 3 , and
� acc = 0 :1. Adam optimizer [17] is used for training, with
a learning rate ofe� 5 for E, G, ande� 6 for D. Our model
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Figure 3. Description of evaluation metrics, using
easy-to-recognize label notations. Note that our
model uses only motion data

Table 1. Motion style transfer results evaluated in content consistency (CC) and style
consistency++ (SC++ ) on Xia dataset [30]. The performances are reported in both
cases: whenM C andM S have identical content labels and different content labels

Methods CC # SC++ #

average same cnt. diff. cnt. average same cnt. diff. cnt.

MotionPuzzle [14] 51.4 8.6 66.9 76.0 58.0 82.5
Abermanet al. [1] 46.0 42.0 47.0 189.7 220.8 178.4
Parket al. [20] 38.4 22.6 44.1 65.7 59.6 67.9
Wenet al. [28] 18.5 7.8 22.3 80.8 76.2 82.4

MoST 8.5 8.0 8.7 63.0 62.2 63.2

is trained for 300K iterations with a batch size of 8.

Evaluation Metrics.
Motion style transfer methods lack a standardized evalu-
ation metric, hence, we adopt content consistency (CC)
and style consistency (SC) proposed by Wenet al. [28].
Furthermore, we extend SC to SC++ to evaluate all the test
motion pairs including the cases not covered by SC. Fig. 3
explains the metrics through straightforward examples. CC
measures how effectively the content ofM C is retained in
M G . CC calculates thel2-distance betweenM G andM C

and averages it across test pairs. In contrast, SC evaluates
how well the style ofM S is re�ected inM G . SC calculates
the similarity betweenM G andM S ; however, a problem
arises when the content ofM S differs from that ofM C

and M G , as shown in ‘case 2’ of Fig. 3. We cannot �nd
the reference motion to compare among the input motions.
Therefore, Wenet al. only evaluate cases where the content
labels of M C and M S are identical,i.e ‘case 1’. To go
beyond this limitation and evaluate all motion pairs, in
SC++ , M G is compared to the pseudo ground truth motions
in the training set, which share the identical style and
content categories as those ofM G . Formulas are provided
in the supplementary material. A crucial factor to note
is that a style transition is deemed successful when both
CC and SC++ are low, as these metrics exhibit a trade-off
relationship. For instance, if a model outputs unmodi�ed
M C as-is to generateM G , SC++ will yield a high value,
although CC may be low.

4.1. Comparison with State›of›the›Art Methods

We compare MoST to the state-of-the-art methods in mo-
tion style transfer, including the method of Abermanet
al. [1], Parket al. [20], Wenet al. [28] and Janget al. (Mo-
tionPuzzle) [14]. All the provided post-processing were em-
ployed in existing methods [1, 14, 20, 28], including copy-
ing global translation, removing foot skating, and correcting
global velocity. In contrast, our result uses the raw output
motion as-is. Note that the method of Parket al. [20] uti-
lizes a style label in addition to thestyle motionduring both

training and inference times, while other methods do not.

As indicated in Table 1, our method achieves the low-
est values in both CC and SC++ . Speci�cally, MoST ex-
hibits a signi�cant drop in CC. This suggests that the well-
disentangled style is injected into the appropriate body part
without compromising the content ofM C . In particular,
MoST demonstrates strong performance in both scenarios,
where the input motions have the same content or differ-
ent contents. In contrast, other methods exhibit a signi�-
cant performance degradation when handling input motions
with different contents. MotionPuzzle tends to generate mo-
tion by replicatingM S . The high CC value highlights this
limitation, indicating that content ofM C is not preserved.
For the same reason, MotionPuzzle shows a low SC++ when
the inputs have the same contents but a signi�cantly high
SC++ when they are different. The method of Abermanet
al. [1] yields high CC and SC++ scores, aligned with qualita-
tive results that indicate style transfer failures in numerous
cases. The method of Parket al. [20] yields a satisfactory
result in SC++ ; however, there is a signi�cant disparity in
CC compared to our method. In their results, twisted mo-
tion is often observed in certain body parts. Conversely, the
method proposed by Wenet al. [28] demonstrates satisfac-
tory results in CC but exhibits high SC++ . Their generated
motions are usually smooth and realistic; however, they do
not effectively re�ect the style.

We present the qualitative results in Fig. 4. We also
have attached a video for better visualization in the sup-
plementary material. Despite not employing heuristic post-
processing, our generated motions are both plausible and
well-stylized. They exhibit clear body movements corre-
sponding to the desired content, while style is accurately ex-
pressed in the appropriate body parts. In contrast, the meth-
ods of Abermanet al., Parket al., and MotionPuzzle tend to
fail in preserving the content, resulting in awkward motion
where the contents of the two inputs are blended in different
body parts. Moreover, it is dif�cult to discern the style ex-
pression in their results. While the method of Wenet al. pro-
duces plausible motions, it fails to effectively swap styles.
MoST exhibits favorable results for the unseen style dur-
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Input
style

motion

Old Punch Strutting Kick Proud Walk FemaleModel(BFA dataset)

Input
content
motion

SexyJump Childlike Punch DepressedKick Old Punch

MoST

Old Jump Strutting Punch Proud Kick FemaleModel Punch

Aberman
et al. [1]

Park
et al. [20]

Wen
et al. [28]

MotionPuzzle
[14]

Figure 4. Qualitative results in Xia [30] and BFA [1] datasets. Please refer to the red indications. (1) Our method better re�ects the style of
old in comparison to other existing methods, accurately representing both the bent upper body and leg. (2) Other methods fail to preserve
the content ofpunch, instead, they result in peculiar leg movements or body twists. On the other hand, our result accurately depictsstrutting
punch, where the upper body leans backward. (3) The results of [1] and [14] do not exhibit akick, instead, their arm moves. [20] yields
twisted leg movements. (4) Unlike our method, others fail to preserve the content ofpunch, resulting in vibrations in static poses or twists

ing training, which is the style in BFA dataset [1]. However,
other methods fail to preserve content as shown in Fig. 4 (4)

4.2. Self Study

In Table 2, we evaluate the impact of the proposed loss
function and PSM. When PSM is applied, CC signi�cantly
decreases, con�rming that the style modulation prevents
the generation of movement in undesired body parts.L D
substantially reduces both CC and SC++ , highlighting the
importance of disentangling style and content. The model

achieves the best performance when bothL D and PSM are
employed. The effectiveness ofL D is further demonstrated
in the visualization of the style feature space. Fig. 5 (a) illus-
trates the space of~SS before applyingL D , where the style
features have been mixed across certain categories. Fig. 5
(b) shows thatL D enforces complete separation among dif-
ferent styles. Furthermore, the transition from Fig. 5 (c)
to (b) shows that the raw style features become distinctive
through PSM. Fig. 6 shows how PSM modulatesSS accord-
ing to differentM C . Fig. 6 (a) illustrates the space ofSS ,



Table 2. Ablation study for verifying the proposedL D , and PSM
on Xia dataset [30].L pre andL phy are applied by default.

PSM L D CC # SC++ #

37.4 69.5
X 19.7 66.1

X 9.3 63.2
X X 8.5 63.0

Figure 5. (a-b) Visualization of the modulated style feature (~SS )
space of MoST in different loss settings.L pre andL phy are ap-
plied by default in (a).L D is additionally introduced in (b). All
training and testing data are used asstyle motion, and a single data
point in the test set is employed forcontent motion. The spaces are
projected in 2D through t-SNE. The samples are visualized with
different shapes according to their content labels and different col-
ors according to their style labels. (c) Space ofSS before PSM.
All loss functions are applied

Figure 6. Visualization ofSS and ~SS spaces projected through t-
SNE for all 56 (M C ) � 56 (M S ) motion pairs in the test set.

where each point represents an overlap of every 56M C in-
stances, asSS is yielded independently ofM C . After PSM,
the data points are spread according to the pairedM C in the
~SS space.

Figure 7. Cross-attention maps of PSM. The highest column ()
indicates the body part in thestyle motionfrom which the style
originates. The highest element () pinpoints the body part in the
content motionthat will receive the style. Traj. refers to global
translation. The symbols and are indicators related to traj.

In Fig. 7, we have visualized cross-attention maps of
PSM. PSM identi�es the activated body parts and transfers
style from/to those parts. Speci�cally, in (a), style of the arm
in the ‘Punch’ motion is transferred to the leg in the ‘Kick,’
as indicated by the attention map. In (b) and (c), high atten-
tion values are observed for the left leg in the ’Kick’ and
both legs in the ’Walk,’ respectively. Notably, PSM incor-
porates global translation alongside body parts. The symbol

in (b) represents the application of style to traj, while
in (c) represents the origin of style from traj.

5. Conclusions
MoST is designed to effectively disentangle style and con-
tent of input motions and transfer styles between them. The
proposed loss functions successfully train MoST to gen-
erate well-stylized motion without compromising content.
Our method outperforms existing methods signi�cantly, es-
pecially in motion pairs with different contents.
Limitations and Future Works. Some samples may ex-
hibit the foot contact problem, as the physics-based loss
does not forcibly eliminate it. Testing time optimization
could be applied for the perfect removal. While the trans-
former architecture offers advantages in handling sequences
of diverse lengths, it requires specifying the maximum
length of the model. We plan to expand the model for few-
shot learning, to handle small datasets due to the high cost
of motion data acquisition.
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