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ABSTRACT

Recent work has demonstrated the significant potential of denoising diffusion
models for generating human motion, including text-to-motion capabilities. How-
ever, these methods are restricted by the paucity of annotated motion data, a focus
on single-person motions, and a lack of detailed control. In this paper, we intro-
duce three forms of composition based on diffusion priors: sequential, parallel,
and model composition. Using sequential composition, we tackle the challenge of
long sequence generation. We introduce DoubleTake, an inference-time method
with which we generate long animations consisting of sequences of prompted
intervals and their transitions, using a prior trained only for short clips. Using par-
allel composition, we show promising steps toward two-person generation. Be-
ginning with two fixed priors and a few two-person training examples, we learn
a slim communication block, ComMDM, to coordinate interaction between the
two resulting motions. Lastly, using model composition, we first train individ-
ual priors to complete motions that realize a prescribed motion for a given joint.
We then introduce DiffusionBlending, an interpolation mechanism to effectively
blend several such models to enable flexible and efficient fine-grained joint and
trajectory-level control and editing. We evaluate the composition methods using
an off-the-shelf motion diffusion model, and further compare the results to dedi-
cated models trained for these specific tasks. 1

1 INTRODUCTION

Human Motion Generation has recently experienced a tremendous leap forward. The recent elab-
orate language models (Radford et al., 2021; Devlin et al., 2019) and diffusion generation ap-
proach (Sohl-Dickstein et al., 2015; Ho et al., 2020) have quickly found their way into the field,
yielding motion generation models that produce diverse and high-quality sequences from text or
other forms of control (Tevet et al., 2023; 2022; Petrovich et al., 2022; Guo et al., 2022). In turn,
these models have been already applied in the world of gaming, and hold the potential to open the
field of character animation to novices and professionals alike.

However, the main problem the field of human motion generation has always struggled with and is
still struggling with is data. Motion data is typically either acquired by elaborate motion capture
settings (Joo et al., 2015) or crafted by artists (Adobe Systems Inc., 2021). Both cases eventually
lead to expensive and relatively small and homogeneous datasets (Punnakkal et al., 2021; Guo et al.,
2022). For example, the datasets that current models are trained on, consist almost exclusively of
short, single-person sequences. In the absence of data, tasks like multi-person interaction and long
sequence generation are left behind, with poor generation quality.

In this paper, we show that pretrained diffusion-based motion generation models can be leveraged as
priors for composition, allowing out-of-domain motion generation and efficient control. Contrary to
the high data consumption reputation of diffusion models, we show three methods that overcome the
cost barrier using the aforementioned prior, enabling non-trivial tasks in few-shot or even zero-shot
settings.

In particular, we choose a pretrained Motion Diffusion Model (MDM) (Tevet et al., 2023) to serve
as the prior. MDM achieves state-of-the-art results in the text-to-motion and action-to-motion tasks
for short single-person sequences, and has already been demonstrated to generalize well to condi-

∗Equal contribution
1Our code and trained models are available at https://github.com/priorMDM/priorMDM.
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“A Capoeira practice. 
One is kicking and the other is avoiding the kick.”

“Walk״ → “Sit while crossing legs” →
→”Long leap forward” →“Running in a circle”

Figure 1: We suggest three novel motion composition methods, all based on the recent Motion
Diffusion Model (MDM). (Left) Sequential composition generating an arbitrary long motion with
text control over each time interval. (Middle) Parallel composition generating two-person motion
from text. A different color represents a different person - both are generated simultaneously given
the text prompt. (Right) Model composition achieving accurate and flexible control by blending
models with different control signals - here writing “hello” in mid-air.

tions from other domains (Tseng et al., 2022), and to corrections performed between the sampling
iterations (Yuan et al., 2022).

Using this prior, we demonstrate three forms of composition:

(1) Sequential composition, where short sequences are concatenated to create a single long and
coherent motion; (2) parallel composition, where two single motions are coordinated to perform
together; and (3) model composition, where the motions generated by models with different control
capabilities are blended together for composite control.

Our DoubleTake method (Figure 1-Left), suggests a sequential composition by carefully composing
two generated motions in time, including the transition between them, and enables the efficient
generation of long motion sequences in a zero-shot manner. Using it, we demonstrate 10-minute
long fluent motions that were generated using a model that was trained only on up to 10 seconds
long sequences (Guo et al., 2022; Punnakkal et al., 2021). In addition, due to the composite nature
of the generation, DoubleTake allows individual control for each motion interval, while maintaining
consistent motion and transitions. This result is fairly surprising considering that such transitions
were not explicitly annotated in the training data. DoubleTake consists of two phases for every
diffusion iteration - in the first step, the individual motions, or intervals, are generated together in
the same batch, each aware of the context of its neighboring intervals. Then, the second take refines
the transitions between intervals to better match those generated in the previous phase.

For parallel composition, we consider a few-shot setting, and enable textually driven two-person
motion generation for the first time (Figure 1-Middle). Using our prior-based approach, we demon-
strate promising two-person motion generation using only as few as a dozen training examples.
The key idea is that in order to learn human interactions, we only need to enable prior models to
communicate with each other throughout the diffusion process. Hence, we learn a slim communica-
tion block, ComMDM, that passes a communication signal between the two frozen priors through
intermediate activation maps.

Finally, we introduce a novel control mechanism via model composition. We observe that the mo-
tion inpainting process suggested by Tevet et al. (2023) does not extend well to more elaborate yet
important motion tasks such as trajectory and end-effector tracking. Hence, we first show that fine-
tuning the prior for this task yields satisfying results while controlling even just a single end-effector.
Then, we introduce the DiffusionBlending technique, which generalizes classifier-free guidance (Ho
& Salimans, 2022) to compose together different fine-tuned models and thus enables cross combi-
nations of keypoints control on the generated motion. This enables surgical and flexible control for
human motion that comprises a key capability for any animation system (Figure 1-Right).

We demonstrate, both quantitatively and qualitatively, that these inexpensive composition methods
extend a more elaborately trained motion prior and outperform dedicated previous art in the respec-
tive tasks (Wang et al., 2021; Athanasiou et al., 2022).
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2 RELATED WORK

Motion Diffusion Models. Very recently, MDM (Tevet et al., 2023), MotionDiffuse (Zhang et al.,
2022), MoFusion (Dabral et al., 2023), and FLAME (Kim et al., 2022) successfully implemented
motion generation neural models using the Denoising Diffusion Probabilistic Models (DDPM) (Ho
et al., 2020) setting, which was originally suggested for image generation. MDM enables both high-
quality generation and generic conditioning that together comprise a good baseline for new motion
generation tasks. EDGE (Tseng et al., 2022) followed MDM by extending it for the music-to-motion
task. SinMDM (Raab et al., 2023) adapted MDM to non-human motions using a single-sample
learning scheme. PhysDiff (Yuan et al., 2022) added to MDM a pre-trained physical model based
on reinforcement learning which enforces physical constraints during the sampling process. These
examples demonstrate the �exibility of MDM to novel tasks. In line with our motion control context,
Jiang et al. (2022), Du et al. (2023) and Castillo et al. (2023) reconstruct full-body motion from a
headset and hand controllers for Virtual Reality applications. While they focus on predicting the
original motion, our approach models motion distribution based on one or a few joints.

Long-Sequence Motion Generation.Motion Graphs (Kovar et al., 2008) can synthesize long mo-
tions via traversing discrete poses given a data corpus. This approach is limited to existing data
and will fail to generalize for elaborate textual conditions. RNN-based motion generation tends to
collapse into constant poses. Martinez et al. (2017) and Zhou et al. (2018) overcome this issue by
feeding the model with its own generated frames during training for the task of pre�x completion.
Yet, those methods are still limited to the relatively short sequences of the available data. More
recently, several works suggested breaking the data limitation by auto-regressively generating short
sequences each one conditioned on a textual prompt and the suf�x of the previous sequence. Tran-
sitions were either learned according to a smoothness prior (Athanasiou et al., 2022; Mao et al.,
2022) or from data (Athanasiou et al., 2022; Wang et al., 2022), using the BABEL dataset (Pun-
nakkal et al., 2021), which explicitly annotates transitions between actions. EDGE (Tseng et al.,
2022) suggested the unfolding method to generate long sequences with SLERP interpolating be-
tween every two neighboring sequences. Contrarily, our DoubleTake suggests an unfolding method
that leverages diffusion and blends the motion together at each denoising step. More recently, Dif-
fCollage (Zhang et al., 2023) suggested a diffusion-based solution for the task, utilizing a factor
graph representation arranged as a linear chain.

Multi-Person Motion Generation. Data scarcity is a major obstacle for multi-person motion gen-
eration, and the number of works is limited accordingly. MuPoTS-3D dataset (Mehta et al., 2018)
includes 20 real-world multi-person sequences; CMU-Mocap (CMU) and 3DPW (Von Marcard
et al., 2018) includes55 and27 two-person motion sequences respectively. Yin et al. (2018) sug-
gested overcoming the data barrier by exploiting 2D information. Recently, Song et al. (2022)
contributed the synthetic multi-person GTA Combat dataset. None of the datasets is textually (or
otherwise) annotated, hence, the recent MRT (Wang et al., 2021) and SoMoFormer (Vendrow et al.,
2022) models learned the unsupervised pre�x completion task. Both learned motions under the DCT
transform, which promotes smoothness and unrealistic motion, although improving L2 error mea-
sures. Recently, DuMMF (Xu et al., 2022) presented a stochastic approach for multi-person motion
completion. Concurrent to this work, InterGen (Liang et al., 2023) follow up and extend the two
instances' communication principle presented in ComMDM and conducted a new benchmark.

Human Motion Priors. VPoser (Pavlakos et al., 2019) is a human pose auto-encoder, trained on the
AMASS motion capture dataset (Mahmood et al., 2019). It is used as a prior for motion applications,
such as motion denoising, �tting SMPL (Loper et al., 2015) model to joint location and as a pose
code book for motion generation (Hong et al., 2022). More recently, Tiwari et al. (2022) showed that
such prior can be learned as an implicit model. MoDi (Raab et al., 2022) is an unsupervised motion
generator, adapted from StyleGAN (Karras et al., 2019). Without further training, it enables latent
space editing and motion interpolation. Contrary to those examples, MotionCLIP (Tevet et al., 2022)
uses priors from the image and text domains to learn motion. It aligns the motion manifold with
CLIP (Radford et al., 2021) latent space. This enables inheriting the knowledge learned by CLIP
to generate motions out of the data limitations. In the diffusion context, MDM adapts diffusion
image inpainting (Song et al., 2020; Saharia et al., 2022) for motion editing applications. In this
work, we extend this principle by solving non-trivial motion tasks in few to zero-shot settings. More
recently, MLD (Xin et al., 2022) learned a latent diffusion model, similar to LDM (Rombach et al.,
2022b),which enables generating motion latent code instead of the motion itself, and lets a larger
and pre-trained motion generator translate it into the physical space.
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Figure 3: DoubleTake overview. We generate
arbitrarily-long sequences with text and length con-
trol per interval using a �xed motion diffusion prior.
At the �rst take , we generate each interval as a sin-
gle sample handshaking neighboring samples. At
each denoising iteration, the handshakes are forced
to be equal to eventually compose one long se-
quence. To re�ne the transition between intervals,
thesecond takepartially noise the handshakes and
clean them conditioned on the neighboring intervals
using a soft mask. Solid frames mark generation or
re�nement; Dashed frames mark input motion to the
take.

Figure 4: ComMDM overview. Using two
�xed MDM models, we train a slim commu-
nication block (ComMDM) for two-person
motion generation. ComMDM gets as input
the activations of transformer layerL n from
both actors and outputs a correction term
which is added to the same activations. Op-
tionally, ComMDM also predicts the initial
posesD i of the two persons. IN and OUT
stand for the linear input and output layers of
the transformer.

3 METHOD

Figure 2: Soft blending overview.We
allow b frames long linear masking be-
tweenM hard to M soft such that during
theSecond takeat every denoising step
part of the originally generated motion
(suf�x or pre�x) going through re�ne-
ment to �t the transition.

In this work, we use the recent Motion Diffusion Model
(MDM) (Tevet et al., 2023), pre-trained for the task of
text-to-motion, to learn new generative tasks. We repre-
sent Human Motion as a sequence of posesX = f x i gN

i =1
wherex i 2 RD represent a single pose. Speci�cally,
we use the SMPL (Loper et al., 2015) representation for
experiments with the BABEL (Punnakkal et al., 2021)
dataset, including joint rotations and global positions on
top of a single human identity (� = 0 ). For all other ex-
periments, we use the HumanML3D (Guo et al., 2022)
representation, composed of joint positions, rotations, ve-
locities, and foot contact information. MDM is a denois-
ing diffusion model based on the DDPM (Ho et al., 2020)
framework. It assumesT noising steps modeled by the
stochastic process

q(X t jX t � 1) = N (
p

� t X t � 1; (1 � � t )I ); (1)

for a noising stept 2 T, wereX T � N (0; I ) is assumed. MDM models the denoising process:
it predicts the clean motion̂X 0 given a noised motionX t , a noise stept and a textual condition
encoded to CLIP (Radford et al., 2021) space and represented byc. The model is learned with the
standardL simple = EX 0 � q(X 0 j c) ;t � [1;T ][kX 0 � MDM (X t ; t; c)k2

2] together with geometric losses
that regulate the joint position, velocity and foot contact. Sampling a novel motion from MDM is
done in an iterative manner, according to Ho et al. (2020). In every time stept the clean samplêX 0
is predicted and noised back toX t � 1. This is repeated fromt = T until X 0 is achieved.

In this Section, we presentsequential compositionwith the DoubleTake method (3.1), which gen-
eralizes MDM to generate motions of arbitrary length without further training, through sequential
composition. Then, we presentparallel compositionby employing a slim communication layer,
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