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Abstract

Text-driven motion generation has advanced significantly
with the rise of denoising diffusion models. However, pre-
vious methods often oversimplify representations for the
skeletal joints, temporal frames, and textual words, limit-
ing their ability to fully capture the information within each
modality and their interactions. Moreover, when using pre-
trained models for downstream tasks, such as editing, they
typically require additional efforts, including manual inter-
ventions, optimization, or fine-tuning. In this paper, we in-
troduce a skeleton-aware latent diffusion (SALAD), a model
that explicitly captures the intricate inter-relationships be-
tween joints, frames, and words. Furthermore, by lever-
aging cross-attention maps produced during the generation
process, we enable attention-based zero-shot text-driven
motion editing using a pre-trained SALAD model, requiring
no additional user input beyond text prompts. Our approach
significantly outperforms previous methods in terms of text-
motion alignment without compromising generation quality,
and demonstrates practical versatility by providing diverse
editing capabilities beyond generation. Code is available at
project page.

1. Introduction

Character animation is a crucial component in various com-
puter graphics and vision applications, including games,
films, and interactive media. Traditional methods, such as
keyframing and motion capture, typically require extensive
manual effort, which are time-consuming and expensive.
Recently, deep generative models have been introduced to
mitigate these challenges. In particular, diffusion models
have shown promising results in text-to-motion generation,
enabling intuitive and efficient animation workflows.
Despite these advancements, fully capturing the intri-
cate relationships among frames, body parts, and textual de-
scriptions remains a complex challenge in text-driven mo-
tion generation. Previous approaches typically represent a
pose as a single vector and primarily focus on temporal re-
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lationships between poses across frames, while neglecting
spatial interactions between skeletal joints. Furthermore,
these models often compress a sentence into a single vector
for conditioning, which can overlook the important nuances
of word-level variations. This over-simplification of inter-
actions among skeletal, temporal, and textual components
may lead to missing details in the generated results, un-
derscoring the need for models that faithfully capture these
complex dependencies.

On the other hand, learning meaningful representations
is a key factor to enable zero-shot downstream tasks with
pre-trained models. For example, zero-shot text-driven im-
age and video editing methods [3, 7, 13, 15, 25, 35, 43]
leverage attention modulation from pre-trained models for
intuitive manipulation. Unfortunately, motion generation
models typically lack such interpretable and manipulatable
intermediate representations. This limitation stems from the
over-simplification of motion and text features mentioned
above, which restricts rich interactions between them. Al-
though some methods exploit pre-trained models with man-
ual masks, optimization, or fine-tuning [21-23, 42, 45, 47],
these methods require additional effort, time, and cost to
achieve desired results. Therefore, developing interpretable
representations during motion synthesis could improve ver-
satility and flexibility for downstream tasks beyond genera-
tion, such as zero-shot motion editing.

In this paper, we propose a skeleton-aware latent
diffusion, which we call SALAD, for text-driven motion
generation within a skeleto-temporally structured latent
space. We first train a variational autoencoder (VAE) [24]
to construct a motion latent space that decouples spatial
and temporal dimensions. To this end, we employ skeleto-
temporal convolution layers to facilitate information ex-
change between adjacent joints and frames. We also employ
skeleto-temporal pooling layers to produce a compact repre-
sentation by reducing the dimensionality, which can reduce
the computational complexity during the sampling process
of the diffusion model. Subsequently, we train a diffusion
model within this latent space to generate motion features
conditioned on text. To train the denoiser, we leverage both
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skeletal and temporal attention blocks, which can effec-
tively enable skeleto-temporal coherence. Additionally, we
employ cross-attention to capture fine-grained interactions
between individual words and the skeleto-temporal units of
the motion latents.

Beyond motion generation, we introduce an attention-
based zero-shot, text-driven motion editing method that
leverages the pre-trained SALAD model, requiring no ad-
ditional optimization or fine-tuning. We demonstrate that
the intermediate cross-attention maps of SALAD capture
the relationship between text and motion features. By mod-
ulating these cross-attention maps, we enable text-driven
motion editing that allows users to edit generated motion
through text input alone in a training-free manner. We also
propose a novel attention modulation method for motion-
specific tasks, demonstrating the practical potential of our
approach.

In summary, our contributions are as follows:

We propose SALAD, a novel skeleton-aware latent dif-
fusion model for text-driven motion generation within a
skeleto-temporally structured latent space.

We interpret the intermediate representations in the gen-
eration process, allowing for a clear understanding of the
relationship between text inputs and generated motions.
We present an attention-based zero-shot text-driven mo-
tion editing method using cross-attention modulation in
generative models.

2. Related Work
2.1. Text-driven Motion Generation

With the rise of deep neural networks, generative mod-
els for human motion synthesis based on natural language
descriptions have been extensively explored. Early stud-
ies focused on generating motions from action labels, such
as throw and kick [9, 32]. More advanced methods pro-
jected both text and motion features into a shared latent
space, enabling the generation of fixed motion sequences
from identical input text [2]. To increase the diversity of
generated results, T2M [10] employed a temporal VAE that
can generate varied motion sequences that align with the
given text input. Subsequent studies leveraged large pre-
trained text encoders, such as CLIP [36], to improve tex-
tual understanding for motion generation [4, 33, 41]. Auto-
regressive models that behave like language models have
also been proposed, which first encode motion features into
discrete tokens through vector quantization [44] and then
auto-regressively predict the next motion token given the
text prompt [11, 12, 20, 49, 52-54]. Recently, denoising
diffusion models [17, 39] have become the dominant frame-
work for generative models, prompting text-driven motion
generation methods to adopt diffusion models as their back-
bone [8, 23, 27, 42, 46, 50, 51]. In this study, we build
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our framework on the diffusion model formulation and en-
hance the performance of text-driven motion generation
through explicit modeling of the relationships among joints,
frames, and words. Moreover, we introduce an attention-
based zero-shot text-driven editing method, leveraging our
pre-trained SALAD model as a generator, demonstrating a
novel exploration beyond mere generation.

2.2. Skeleton-aware Processing of Motion Data

Because motion data consists of two separate skeletal and
temporal dimensions, some methods have been developed
to respect each dimension when processing the motion data.
Yan et al. [48] presented spatial-temporal graph convolu-
tion networks that can learn both the spatial and tempo-
ral patterns of dynamic skeletons. Skeleton-aware net-
works [1] employed skeleto-temporal convolution networks
and topology-preserving skeletal pooling layers to construct
a shared motion latent space, enabling deep motion re-
targeting across homeomorphic skeletons. Motion style
transfer has also been enabled in a part-wise manner by
employing skeleto-temporal convolution modules [19, 30].
In the realm of text-to-motion generation, ParCo [54] and
AttT2M [53] utilized the skeleto-temporal network archi-
tecture during the motion quantization process. In this
work, we adopt a similar approach by encoding motion
features using skeleto-temporal convolution networks and
pooling layers to derive an effective skeleton-aware motion
latent space with compact dimensionality. Additionally,
we facilitate the interaction between this skeleton-aware
motion latent space and textual features during the text-
conditional generation process.

2.3. Zero-shot Editing with Diffusion Models

By leveraging the generative capabilities of diffusion
models, zero-shot editing methods have been proposed.
SDEdit [28] first adds noise to the input data for a few
diffusion timesteps, then denoises the noisy data with an
editing condition to achieve high-fidelity zero-shot edit-
ing by leveraging a pre-trained diffusion model. Prompt-
to-Prompt [15] verified that cross-attention maps establish
connections between word tokens and the spatial layout of
the generated image. In addition, it introduced attention
modulation methods that can be utilized during the gener-
ation process, enabling the generation of high-fidelity edit-
ing results in a zero-shot manner. Null-text inversion [29]
extended this method to real-images by improving the dif-
fusion inversion method. Similarly, image and video edit-
ing methods via attention modulation have been extensively
studied [3, 7, 13, 25, 35, 43]. Motion diffusion models often
employ joint masks [23, 42] or optimization [21, 22, 47] to
enable motion editing using pre-trained diffusion models,
although they require user intervention or additional com-
putation for the desired goal. On the other hand, CoMo [ 18]
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Figure 1. Architecture of the skeleto-temporal VAE network. The encoder maps motion features into a skeleto-temporal latent space, and
the decoder restores the skeleto-temporal latent variables into motion features.

achieved zero-shot text-driven motion editing using large
language models to manipulate semantic pose tokens. We
demonstrate that the intermediate cross-attention maps of
our SALAD model can capture the relationship between
motion and text, similarly to image diffusion models. Fur-
thermore, by modulating these cross-attention maps, we
introduce an attention-based zero-shot text-driven motion
editing method that eliminates the need for manual masks,
fine-tuning, or optimization.

3. Method

Our goal is to generate a motion sequence mj.y condi-
tioned on a text prompt ¢, where N denotes the number
of frames. We first construct a skeleton-aware motion la-
tent representation that captures both skeletal and temporal
dynamics of a motion sequence (Sec. 3.1). Using this mo-
tion representation, we train a diffusion model by model-
ing the complex interactions between skeletal joints, tem-
poral frames, and textual descriptions (Sec. 3.2). Finally,
we extend our model for zero-shot text-driven motion edit-
ing by modulating cross-attention maps between text and
motion (Sec. 3.3). Additional details on the network archi-
tectures will be featured in the supplementary material.

3.1. Skeleton-aware VAE

To derive skeleton-aware motion features, we train a VAE
composed of skeleto-temporal convolution networks and
pooling layers [ 1, 48], as illustrated in Fig. 1. The core mod-
ule is the skeleto-temporal convolution (STConv), which
decouples joint and frame dimensions while facilitating in-
formation exchange between adjacent components within
each dimension. While the skeleto-temporal separation of
motion sequences allows for sophisticated modeling of mo-
tion data, it introduces an additional dimension for skele-
tal joints, unlike previous text-to-motion generation meth-
ods that treat a pose as a single vector. This expanded data
space increases the risk of curse of dimensionality and leads
to longer computation times for diffusion models, which
rely on solving stochastic differential equations within this
higher-dimensional data space. To address this issue, we
apply skeleto-temporal pooling (STPool) layers in the en-
coder to reduce the latent space dimensionality, effectively
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compressing the representation. In the decoder, skeleto-
temporal unpooling (STUnpool) layers are used to recon-
struct the compressed latent features back to raw motion.
Encoder. We separate each pose vector of myj. into joint-
wise features and propagate them through joint-wise multi-
layer perceptron (MLP) layers, resulting in h € RV>/*D,
where J denotes the number of joints and D denotes the la-
tent dimension. Subsequently, we apply STConv to h to fa-
cilitate information exchange between adjacent frames and
joints:

STConv(h) := SkelConv(h) + TempConv(h), (1)

where SkelConv is a graph convolution network over the
joint dimension, while TempConv is a 1D convolution net-
work over the frame dimension.

We apply the STPool operator to the output of the
STConv layers to reduce its dimensionality by pooling over
joints and frames:

STPool(h) := TempPool(SkelPool(h)), 2)

where SkelPool represents the pooling layer over the joint
dimension while TempPool represents the pooling layer
over the temporal dimension. Specifically, SkelPool aggre-
gates adjacent joints while preserving its skeletal topology,
resulting in fewer joints with a homeomorphic structure.
In contrast, TempPool performs 1D pooling over frames.
These pooling operations are commutative because they op-
erate within independent dimensions.

Consequently, we obtain the skeleto-temporally com-

pressed latent vector z € RN/X']'XD, where N/ < N
and J' < J. This representation effectively encodes the
skeleton-aware dynamics of the motion sequence within a
lower dimension. Notably, we maintain 7 atomic joints for
this motion latent: root, spine, head, both arms, and both
legs (J' = 7).
Decoder. To reconstruct z into raw motion features, we
employ STConv and STUnpool layers in the decoder. The
decoder mirrors the encoder, facilitating information ex-
change between adjacent joints and frames using STConv
layers and increasing the skeleto-temporal resolution using
STUnpool layers. Finally, the joint-wise features are pro-
cessed by their respective joint-wise MLP layers, resulting
in the reconstructed motion feature mj. .
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Figure 2. (Left) Overall network architecture of the denoiser. (Right) The architecture of each transformer block consisting of TempAttn,
SkelAttn, CrossAttn, and FFN, along with the FILM following each module.

Training. The VAE is trained with the following objectives:
3)

where Ly, Lpos, Lvel are L1 reconstruction loss terms of
the motion features, joint positions, and joint velocities,
while Ly is the Kullback-Leibler (KL) divergence regu-
larization that encourages a structured latent space.

EVAE =Lm+ Aposﬁpos + )\velﬁvel + Akl‘ckh

3.2. Skeleton-aware Denoiser

Network Architecture. Given the skeleton-aware motion
latent vector z € RN'*J'xD , we train a diffusion model
that denoises the noised latent vector conditioned on text
prompt c. As shown in Fig. 2, our denoiser consists of
a positional embedding, MLP-based encoder and decoder,
and L transformer-based layers. Each transformer layer
is composed of a temporal attention (TempAttn), skeletal
attention (SkelAttn), cross-attention (CrossAttn), and feed-
forward network (FFN). Each component involves a resid-
ual connection [14], layer normalization (LN) [6], and a
feature-wise linear modulation (FiLM) [31] that modulates
intermediate features based on a diffusion timestep. We also
incorporate skip connection [37] within the stack of trans-
former layers.

The input motion latent at diffusion timestep ¢ given to
the [-th transformer layer, denoted as z!, is processed by
three consecutive attention blocks: temporal, skeletal, and
cross-attention layers. The purpose of this architecture de-
sign is to model frame-wise interactions through TempAdttn,
joint-wise interactions through SkelAttn, and motion-text
interactions through CrossAttn. As a result, zfS s consec-
utively updated at each layer as follows:

2zl < z! + FiLM(TempAttn(LN(z!))), (4)

z! < z! + FiLM(SkelAttn(LN(z!))), &)

z! < z! + FiLM(CrossAttn(LN(z}), CLIP(c))). (6)

For the CLIP text encoder [36] used in cross-attention, we

use a pre-trained model and freeze its weights during train-
ing.

Diffusion Parametrization. For diffusion parametrization,

our model predicts the diffusion velocity [38], denoted as
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v, as follows:
(7N

where € and x represent the noise and sample, respectively,
while oy and o} are noise scheduling parameters at diffusion
timestep t. While e- and x-prediction are widely used in
diffusion models, v-prediction combines both parametriza-
tions, implicitly balancing the information contributed by
each component. This improves the stability of generation,
especially at high noise levels in which the relationship be-
tween € and x becomes disrupted.

Training and Inference. The denoiser is trained to predict
the diffusion velocity v; at each diffusion timestep ¢. The
training objective for the denoiser is defined as follows:

Vi = (i€ — 0¢X,

®)

Cdenoiser = H‘A’t - Vt”%’

where v, represents the predicted diffusion velocity by the
denoiser. During training, we randomly drop the text con-
dition with a probability of pyncond, €nabling unconditional
generation when c is a null text, which is represented as &.

To the trained denoiser, we apply classifier-free guid-
ance (CFG) [16] for text-conditioned generation:

Vo(z, t, ) = vg(zs,t, D)+w (vo(zs, t,c) — vg(ze,t, D)) .

©)
Here, vy denotes the pre-trained denoiser, w is the CFG
weight, and Vv is the modified velocity used during the de-
noising process. Additionally, we employ the DDIM sam-
pling formulation [40] during inference, which effectively
reduces the number of sampling steps without compromis-
ing generation quality.

3.3. Zero-shot Text-driven Motion Editing

In this section, we describe the attention modulation meth-
ods that enable zero-shot text-driven motion editing with
a pre-trained SALAD model. We introduce four distinct
modulation strategies applied to the text-motion cross at-
tention maps as shown in Fig. 3: word swap, prompt refine-
ment, attention re-weighting, and attention mirroring. The
first three are adapted from the Prompt-to-Prompt frame-
work [15], while the attention mirroring serves as a val-
idation method to assess whether the cross-attention map
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Figure 3. Attention modulation methods applied to the cross-
attention maps to enable text-driven motion editing.

contributes to the activation of spatio-temporal dynamics in
the motion generation process. Word swap exchanges at-
tention maps between a source and target prompt, enabling
the model to leverage the attention context of the source
text when generating output for the target text. Prompt re-
finement enhances the original attention map by integrating
additional attention maps for appended word tokens, pro-
viding richer semantic information compared to the base
prompt. Attention re-weighting adjusts the attention val-
ues assigned to specific user-selected words, either amplify-
ing or diminishing their influence on the generated motion.
Lastly, attention mirroring swaps attention values between
symmetrical body parts, such as the left and right arms, to
produce mirrored motions. These methods collectively em-
power the generative capacity of our model to produce dy-
namic and contextually relevant motion edits based solely
on text prompts. For more details on these modulation func-
tions, please refer to the supplementary material.

4. Experiments

We conducted evaluations of our method on two widely
used motion-language benchmarks: HumanML3D [10] and
KIT-ML [34]. HumanML3D dataset consists of 14,616 mo-
tion sequences with a variety of human actions, such as lo-
comotions, sports, and acrobatics, along with 44,970 text
descriptions in total. KIT-ML dataset consists of 3,911 mo-
tion sequences along with 6,278 text descriptions. Both
datasets are augmented by mirroring, and divided into train-
ing, testing, and validation sets with the ratio of 0.8, 0.15,
and 0.05. Evaluation results are reported in the following
sections. Please refer to the supplementary material for ad-
ditional quantitative experiment results with details, and the
supplementary video for the animated results.

4.1. Implementation Details

Our method was executed on a single NVIDIA V100 GPU.
We used the AdamW optimizer [26], and the VAE and de-
noiser were trained for 50 and 500 epochs, respectively.
The VAE and denoiser were trained with a batch size of
64 for HumanML3D, which required 35 and 17 hours, re-
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spectively. For the KIT-ML dataset, we used a batch size of
16, with training times of 20 hours for the VAE and 7 hours
for the denoiser. We trained the denoiser with 1000 diffu-
sion steps, employing 50 steps for DDIM sampling during
inference. For the CFG weight, we set w = 7.5 unless men-
tioned otherwise.

4.2. Quantitative Evaluation

For quantitative evaluations, we adopted metrics from
T2M [10]. First, FID is used to evaluate the quality of gen-
erated motions by measuring the difference between the fea-
ture distributions of generated motions and those of real mo-
tions. Additionally, R-precision and MM-Dist are used to
evaluate the semantic alignment between the input text and
the generated motions. Diversity, which indicates the vari-
ance in generated motions, and MultiModality, which as-
sesses the diversity of motions generated from the same text
description, are also adopted as secondary metrics. They are
considered less important than the generation quality and
alignment with the input text.

Following the practice of T2M [10], each experiment
was repeated 20 times on the test sets of HumanML3D
and KIT-ML datasets, and the mean with a 95% confidence
interval is reported in Tab. 1. Notably, SALAD consis-
tently achieved superior text-motion alignment across both
datasets, regardless of the diffusion parametrization applied
during denoiser training. Moreover, SALAD maintained
high generation quality, as indicated by the best or second-
best FID scores among diffusion-based methods. These re-
sults confirm that explicitly modeling interactions between
skeletal joints, temporal frames, and textual words is effec-
tive in improving text-to-motion generation quality and fi-
delity to the input text.

4.3. Qualitative Evaluation

We compared the qualitative results of SALAD with those
generated by MDM [42] and MoMask [12], and the com-
parison results are shown in Fig. 4. Both MDM and Mo-
Mask reflected parts of the input text prompts, but they
failed to handle all the descriptions in the text. For example,
as shown in the top of Fig. 4-(a), MDM generated a charac-
ter walking forward, turning, and walking back, but the lo-
comotion style was not marching, despite the input prompt
specifying “marches”. Similarly, in Fig. 4-(b), MoMask ac-
curately reflected the arm movements of raising above the
head and throwing them down, but it missed the instruc-
tion to turn to the right. In case of Fig. 4-(c), both meth-
ods failed to perfectly reflect the input text despite its short
length. In contrast, SALAD consistently incorporated all
the textual descriptions into the generated motions, regard-
less of the length and complexity of the text prompts. This
demonstrates its effectiveness in generating motions that are
highly aligned with the input text.
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Table 1. Quantitative evaluation results on the test sets of HumanML3D (top) and KIT-ML (bottom). 1 and | denote that higher and lower
values are better, respectively, while — denotes that the values closer to the real motion are better. Methods above the dotted line are

auto-regressive models based on VAE or VQ-VAE, while those below are diffusion-based generative models. Red and blue colors indicate
the best and the second best results, respectively.
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Figure 4. Qualitative comparison of results generated by various methods, including MDM [42], MoMask [12], and our approach.

4.4. Ablation Study

Effectiveness of Skeleton-aware Latent Space. To prove
the effectiveness of using skeleton-aware latent space, we
compared the performance of different VAE structures em-
ployed in MoMask [12] and ParCo [54] with ours. Specif-
ically, MoMask employs a VQ-VAE that compresses each
pose into a single vector, while ParCo employs a part-aware
VQ-VAE that processes different body parts independently.
Because the role of VAE is to compress the motion features
into latent variables, we compared FID and mean per joint
position error (MPJPE) that assess the quality and accuracy
of the reconstructed motion features, respectively.

As shown in Tab. 2, our skeleton-aware VAE outper-
formed baselines with a significant margin for both met-
rics. Notably, our method required much fewer number
of trainable parameters than the others. This indicates that
skeleton-aware latent space that decouples both dimensions
and facilitates information exchange between adjacent com-
ponents is effective in constructing meaningful motion la-
tent space, which is a crucial prior to train the generator.

Furthermore, we conducted an ablation study that vali-
dates the effectiveness of the skeleto-temporal latent (ST-
Latent) and cross-attention, which are two core compo-
nents of SALAD, on the text-to-motion generation perfor-

7163



Methods Num of Params FID | MPIPE |
MoMask [12] 19.44M 0.020%900  .030%-000
ParCo [54] 6.35M 0.021%000  (.108%:000
SALAD (Ours) 0.16M 0.003+:090  .016%000

Table 2. Quantitative results on the quality and accuracy of recon-
structed motion features of VAE models from different methods,
along with the number of trainable parameters, measured on the
test set of HumanML3D.

Method R-Precision (Top-3) 1 FID |
Ours (Full model) 0.857+:002 0.076+:002
w/o ST-Latent 0.816%002 0.433%:006
w/o CrossAttn 0.778+002 0.274+007
w/o both 0.752+002 0.345%:007

Table 3. Ablation studies on the VAE and denoiser.

mance. For this experiment, we evaluated three variations:
(1) replacing ST-Latent by training a conventional VAE that
treats each pose as a single vector, (ii) replacing cross-
attention with self-attention by concatenating the sentence-
level CLIP feature to the motion features, and (iii) combin-
ing (i) and (ii). As shown in Tab. 3, alteration of ST-Latent
and cross-attention substantially degraded generation qual-
ity and text-motion alignment, as reflected in the higher
FID and lower R-precision, respectively. This demonstrates
the importance of rich information exchange between text
and motion by cross-attention within the skeleto-temporally
structured latent space. This indicates that the skeleto-
temporally disentangled motion latent facilitates accurate
text-motion interaction.

CFG Weights. To analyze the influence of CFG weights on
generation results, we plotted FID and R-precision metric
values in Fig. 5. The figure shows that low CFG weights led
to suboptimal generation quality and text-motion alignment.
The performance of SALAD improved across both metrics
as the weight values increased, but excessively high weight
values resulted in a decreased performance for both metrics
again. Based on these findings, we determined that a value
of w = 7.5 produces the best balance between generation
quality and alignment with the text prompts.

4.5. Zero-shot Text-driven Motion Editing

To demonstrate the capability of SALAD in capturing
relationships between skeleto-temporal latents and text
prompts, we visualized the cross-attention maps for each
word in Fig. 6. The figure reveals that high attention val-
ues were assigned to proper frames and body parts that se-
mantically correspond to each word. For example, “jumps
forward” was activated for the entire body at early frames,
“walks forward” focused on the root and legs at later
frames, and “waving arms” was activated for the arms
throughout the entire frames. These results indicate that
cross-attention maps produced during motion generation ef-

7164

0.86
12
0.84
a 10
ELU.EZ
(=)
= 0.80 08
5 o)
] 06"
‘S 0.78 g
£
m' 0.76 4 0.4
0.74 0.2
l.‘S 2:5 3.‘5 4.‘5 5.‘5 6:5 7:5 B:S 9:5 16.5 l]l.S 12‘.5
Guidance Scale
Figure 5. Ablation study results on different CFG weights.

Lower FID scores indicate better motion quality, and higher R-
precision (Top-3) scores indicate better semantic alignment.

aman jumps forward and then walks forward, while waving his arms
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Figure 6. Visualizations of cross-attention maps of SALAD. Each
row corresponds to a specific body part, and each column repre-
sents temporal frames. Attention maps were computed by averag-
ing the output attention maps across all transformer layers and all
diffusion timesteps.

fectively capture the rich semantic relationships between
text and motion.

Based on these observations, we demonstrate zero-
shot text-driven motion editing results using a pre-trained
SALAD model by modulating cross-attention maps, and the
results are shown in Fig. 7. The edited motions align well
with the given instructions while preserving the original
movements, such as walking phases. Notably, the changes
for editing were localized to specific frames and body parts
relevant to the editing prompt, while unaffected regions
remain intact, without using explicit masking. Further-
more, our SALAD model understands not only the high-
level correspondence between text and motion but also its
intensity and direction, which is demonstrated by different
hand heights when modulating the word “high” in the re-
weighting case. These results suggest that the explicit mod-
eling of skeletal-temporal-textual relationships in SALAD
enhances its understanding of text-driven motion genera-
tion, leading to effective learning representations and fine-
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the editing instructions.

Methods Preservation ~ Semantic Alignment  Overall Quality
MDM [42] 3.729%:153 2.758%:192 3.196%147
MotionFix [5]  3.358+173 3.388%189 3.421%:166
SALAD (Ours)  4.596%:08% 4.654+:087 4.596+:083

Table 4. User study results. The red color indicates the best result.

grained control in both generation and editing.

To evalaute the perceptual quality of text-driven motion
editing, we conducted a user study with 16 participants. We
compared SALAD against MDM [42], which edits motion
by masking and regenerating specified body parts, and Mo-
tionFix [5], a method specifically designed for motion edit-
ing. Participants were shown with 15 videos per method
and asked to rate them based on three criteria: (i) preserva-
tion of the original motion, (ii) semantic alignment with the
target text, and (iii) overall quality. Ratings were given on a
5-point Likert scale, with 5 indicating the best.

As shown in Tab. 4, SALAD outperformed both base-
lines across all three aspects by a large margin. Notably,
despite not using explicit masking, SALAD achieved higher
preservation scores. Furthermore, while SALAD is not
specifically designed for editing, it achieved higher pref-
erences for semantic alignment and overall quality, high-
lighting the effectiveness of attention-based editing. These
results demonstrate that leveraging cross-attention maps en-
ables high-quality and perceptually appealing text-driven
motion editing without requiring additional training.

5. Discussion

While SALAD produced outperforming results in text-
driven motion generation compared to the existing gener-
ative models, along with the capability of zero-shot text-
driven motion editing, it has several limitations. First, the
numerical results for Diversity and MultiModality are lim-
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ited, despite the strong capability of diffusion models to
generate diverse outputs. This can be due to the trade-off
between high-quality with faithfulness to the text and di-
versity. While we put the diversity as a second priority,
finding a way to handle both could be an interesting ap-
proach. Additionally, SALAD is restricted to generating a
single person action with limited text and motion length.
Therefore, enabling multi-character interactions, crowd an-
imations, generation from longer texts, and creating ex-
tended motion sequences could be an interesting direction
for future work. Furthermore, although our method does
not directly address editing real motions, integrating diffu-
sion inversion methods could enable text-driven editing of
real motion sequences.

6. Conclusion

In this paper, we presented SALAD, a novel diffusion
model framework for text-driven motion generation that
models the complex interactions between skeletal joints,
temporal frames, and textual words. We first train a skeleto-
temporal VAE that effectively summarizes motion features
by decoupling skeletal and temporal dimensions, and we
subsequently train a skeleto-temporal denoiser that enables
efficient and expressive generation of motions conditioned
on text input within this compact skeleto-temporal latent
space. Furthermore, we demonstrated the first text-driven
zero-shot motion editing using a pre-trained SALAD model
by modulating cross-attention maps during generation. By
leveraging the outperforming generative capacity compared
to previous methods, along with the interpretable learning
representations during generation, we anticipate that our
work can benefit future research and applications in the con-
text of text-driven motion generation and editing.
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