
Factorized Motion Di�usion for Precise and Character-Agnostic
Motion Inbetweening

Justin Studer∗
DisneyResearch|Studios

Switzerland
ETH Zürich
Switzerland

jstuder.research@gmail.com

Dhruv Agrawal
DisneyResearch|Studios

Switzerland
ETH Zürich
Switzerland

dhruv.agrawal@inf.ethz.ch

Dominik Borer
DisneyResearch|Studios

Switzerland
dominik.borer@disneyresearch.com

Seyedmorteza Sadat
DisneyResearch|Studios

Switzerland
ETH Zürich
Switzerland

seyedmorteza.sadat@inf.ethz.ch

Robert W. Sumner
DisneyResearch|Studios

Switzerland
ETH Zürich
Switzerland

sumner@disneyresearch.com

Martin Guay
DisneyResearch|Studios

Switzerland
martin.guay@disneyresearch.com

Jakob Buhmann
DisneyResearch|Studios

Switzerland
jakob.buhmann@disneyresearch.com

Figure 1: Demonstration of BMM, a factorized approach for motion generation that can be accurately controlled with interme-
diate joint-level constraints (purple). A generative model creates character-agnostic Bézier motion curves that can be applied to
various humanoid characters via a separate IK-module. The generative process of BMM accurately satis�es constraints while
generating realistic and varied motions, as shown by the cyan curves samples of the right hand.
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Abstract
Animation is a challenging and time-consuming process where
animators must manipulate hundreds of controls over space and
time to create compelling motions. Recent advances in motion dif-
fusion models have shown impressive results for general motion
generation and hold the potential to reduce the number of controls
manipulated by animators to achieve high quality results. However,
these models are limited by their inability to match sparse con-
straints precisely, preventing frame-level joint control required by
artists. Additionally, recent models are trained for speci�c charac-
ters, preventing reuse, and are incompatible for characters with only
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a small datasets available. To tackle these shortcomings, we propose
a novel factorization of motion between a character-agnostic Bézier
Motion Model (BMM), which can be trained on a large motion
dataset, followed by a character-speci�c posing model, trainable
on a much smaller pose dataset, that enables reuse across many
characters. BMM provides accuracy for meeting sparse joint-level
constraints by working in a reduced space of Bézier curves that
better aligns the condition signal with the prediction space of our
model. Additionally, the Bézier curves o�er animators an intuitive
interface compatible with existing authoring software. Through
quantitative and qualitative comparisons, we show the e�ectiveness
of our factorization and parametric subspace, enabling user control
with higher �delity.

CCS Concepts
• Computing methodologies ! Machine learning; Motion
processing.
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1 Introduction
Creating animations using traditional keyframing is widely known
to be a labor-intensive and challenging task.While both optimization-
and learning-based inverse kinematics (IK) methods [Agrawal et al.
2023; Aristidou and Lasenby 2011; Oreshkin et al. 2022; Voleti et al.
2022] have established themselves as facilitators in the authoring
toolkit, they do not o�er control over the entire motion. On the
other hand, di�usion models [Ho et al. 2020; Sohl-Dickstein et al.
2015] show promise for high-quality motion generation. However,
they su�er from poor controllability when provided with sparse
spatial constraints as conditions. Recent methods [Cohan et al.
2024; Karunratanakul et al. 2024, 2023; Xie et al. 2023] o�er limited
sparse constraints or employ expensive optimization schemes to
address inaccuracy. However, to apply motion generation methods
in practice, an artist would require even sparser control, e�ectively
in�uencing a joint positioning at a speci�c frame in real-time. Ad-
ditionally, di�usion models require signi�cant amounts of data
and are trained for one particular topology. Consequently, charac-
ters with di�erent topologies—or which hold less data—cannot be
directly animated by large motion models.

When leveraging recent di�usion models for devising an ani-
mation work�ow, we observe how these models struggle to match
sparse spatial constraints accurately. This use case is particularly
challenging for di�usion models due to the sparseness of the con-
dition and the discrepancy between the condition and prediction
space. While conditions are typically provided in 3D world space,
the individual poses forming the motion are represented with local

orientations. The hierarchical nature of forward kinematics (FK)
causes errors to accumulate along the kinematic chain; a problem
that is further ampli�ed by the presence of noise during inference
of the di�usion models, resulting in poor conformity to conditions.

In this paper, we propose a di�usion-based motion generation
method in which the generation process is factorized into two
distinct steps. In the �rst step, our Bézier Motion Model (BMM) is
trained to generate Bézier curves for a characteristic subset of joints
applicable to most humanoid hierarchies. In the second step, an in-
verse kinematics (IK) system turns the Bézier curves into character-
speci�c poses. Our motion parameterization uses 3D Bézier curves
for a subset of the joints, removing the forward kinematics in the
generative process, and thus directly aligns the condition with the
prediction space. Additionally, this compresses the representation
along the spatial (joints) and temporal axis, which addresses the
sparseness of the condition signal and thus increases its impact
on the di�usion process. This enables BMM to consistently satisfy
joint-level constraints better than existing methods. Moreover, our
factorized con�guration allows the generated trajectories to be used
on di�erent skeletons, and with many di�erent IK methods, such
as traditional IK, learned IK [Agrawal et al. 2023; Oreshkin et al.
2022], as well as learned motion models [Cohan et al. 2024; Qin
et al. 2022]—as long as such a system exists for the respective topol-
ogy. Our compressed representation allows us to employ a smaller
and faster di�usion model, and we demonstrate a work�ow where
an artist can use familiar Bézier controls to manipulate full body
motion with precise joint-level control at interactive rates. Besides
the algorithmic advantages of Bézier curves, they also facilitate in-
tegration into existing authoring software such as Maya [Autodesk
Inc. 2023] and Blender [Blender Online Community 2023] thanks
to the widespread availability of their data structure. And lastly,
artists can directly re�ne motions locally post-inference, without
requiring any conversion across rigs.

To evaluate our approach, we showwith qualitative and quantita-
tive comparisons to baseline methods that BMM can hit constraints
more accurately for an animation task of inbetweening with sparse
joint-level constraints. Additionally, we demonstrate the compatibil-
ity of BMMwith multiple IK-modules that can drive characters with
di�erent skeleton hierarchies and proportions. Lastly, to showcase
the interactive usage of ourmodel, we provide in our supplementary
video examples of how movements can be interactively authored
with BMM and its animator-friendly Bézier curves.

2 Related Work
In its current state, manual motion authoring using software such
as Maya [Autodesk Inc. 2023] and Blender [Blender Online Commu-
nity 2023] involve manipulating rig parameters for setting full pose
keyframes, followed by some basic interpolation. This repetitive
process typically results in having to specify a number of poses
for a high-quality animation. Learned Inverse Kinematics models
such as ProtoRes [Oreshkin et al. 2022] can recover a complete pose
from a sparse set of rig-like set of constraints. While such models
can accelerate posing, authoring an animation includes additional
complexity due to the coordination of poses over time.

https://doi.org/10.1145/3677388.3696338
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2.1 Neural Motion Completion
[Harvey et al. 2020] were amongst the early works that explored us-
ing a recurrent network to generate motion from a starting context
and a target frame. [Oreshkin et al. 2023] extended their work to use
a transformer and work in a delta space of linear interpolation to
generate higher-quality motion. The method proposed by [Qin et al.
2022] generates motion in two stages. First, a transformer creates
a coarse, low-frequency motion that can reach the target. This is
then re�ned by a second transformer that adds details. While these
works can generate realistic motions, their need for dense context
and fully speci�ed intermediate or target keyframes make them un-
suitable for an interactive motion authoring system. Furthermore,
when trained on larger datasets, these deterministic models su�er
from averaging artifacts and struggle to utilize the additional data
available.

Di�usion Models [Ho et al. 2020] have recently received signi�-
cant attention due to the quality of the results when trained on very
large datasets in several domains [Brooks et al. 2024; Esser et al.
2024; OpenAI 2023]. HumanMotion Di�usion Model (MDM) [Tevet
et al. 2022] demonstrated the ability to generate realistic movements
from natural language. By inpainting desired values, their method
can further be used for inbetweening of dense keyframes. How-
ever, their method does not produce satisfying results when condi-
tioned on sparse individual joints. Guided Motion Di�usion [Karun-
ratanakul et al. 2023] introduced a method that �rst generates a
dense spatial trajectory on the root joint from sparse constraints,
which is used as input to a secondary motion generation system.

OmniControl [Xie et al. 2023] enables control over arbitrary
joints by training a ControlNet-like [Zhang et al. 2023a] control
network on a pre-trained motion generation system and using
optimization to enforce constraint accuracy. Di�usion Noise Op-
timization [Karunratanakul et al. 2024] backpropagates desired
conditions through the entire di�usion chain at inference time to
optimize the initial noise vector such that the output obeys the
conditions without retraining. While this can generate plausible
motion, backpropagating the entire di�usion chain is prohibitively
slow for an interactive application. [Raab et al. 2024] allow motion
transfer for tasks such as spatial editing and style transfer via mixed
attention between a lead and a follower motion clips.

CondMDI [Cohan et al. 2024] overcomes the need for optimiza-
tion by conditioning the model on dense spatial constraints such
as keyframes or joint trajectories at training time. In our paper, we
introduce a new factorization of the motion space that, compared
to these recent di�usion models, demonstrates better accuracy to
sparse user controls, such as moving a single joint at a speci�c
frame.

2.2 Motion Transfer and Retargeting
Themotion generationmodelsmentioned above cannot be easily ap-
plied to di�erent characters due to di�erences in bone proportions
and skeleton hierarchies. An additional motion retargeting step is
required to transfer the motion onto another character. Previous
works such as [Lee and Shin 1999; Seol et al. 2013] have explored
transferring motion via optimization. [Shin et al. 2001] modi�ed
end-e�ector trajectories based on the di�erence in character sizes
and solved for full pose using inverse kinematics.

Neural retargeting has also been explored in recent times. [Aber-
man et al. 2020] used skeletal convolutions to reduce a source
skeleton to a primal skeleton and deconvolve to the target skele-
ton. [Lee et al. 2023] also use a skeletal encoder-decoder network
to learn skeleton agnostic embeddings to transfer motion to the
target skeleton. However, both these models require paired motion
data between the di�erent skeletal hierarchies. Generating such
data is very expensive, requiring manual clean-up of the retargeted
motion.

In contrast, our method directly generates motions for the speci-
�ed character using a general purpose Bézier motion model, trained
on a large motion dataset, followed by a character-speci�ed Inverse
Kinematics model, trained on a smaller character-speci�c pose
dataset. Thus, eliminating the need for post hoc retargeting.

3 Background
In this section, we �rst review the di�usion framework and subse-
quently outline Bézier curves.

3.1 Di�usion Models
Given a data point G0 sampled from the data distribution @(G0), dif-
fusion models de�ne a forward process @ that gradually adds noise
to G0 until it becomes indistinguishable from pure noise. Speci�cally,
the forward di�usion process is described by

@(G1, . . . , G) | G0) =
)÷
C=1

@(GC | GC�1), (1)

where @(GC | GC�1) = N(GC ;
p
1 � VCGC�1, VC O ) is the transition

kernel from GC�1 to GC . Here, VC 2 (0, 1) is a noise schedule that
determines how much information is destroyed at each time step C .
If ) is large enough, -) converges to a sample from the standard
Gaussian distribution N(0, O ). Additionally, if VC is small enough,
the reverse or denoising distribution @(GC�1 | GC ) can be approxi-
mated with a neural network ?\ (GC�1 | GC ) given by

?\ (GC�1 | GC ) = N(GC�1; `\ (GC , C), ⌃\ (GC , C)). (2)

When ?\ (GC�1 | GC ) approximates @(GC�1 | GC ) su�ciently well,
we can sample a new data point G0 ⇠ @(G0) by starting from pure
noise G) ⇠ N(0, O ) and iteratively applying ?\ until a clean sample
is produced. By conditioning the denoising process ?\ (GC�1 | GC )
on additional inputs 2 , such as text prompts or spatial constraints,
we can also perform conditional generation, i.e. sampling from
@(G0 | 2).

3.2 Bézier Curves
Bézier curves are parametric functions that can be used for smooth
interpolation between two points, or for approximation of continu-
ous functions. A Bézier curve of degree = is de�ned by

H(C) =
=’
8=0

✓
=

8

◆
(1 � C)=�8C8V8 , 0  C  1, (3)

where {Vi}=8=0 is a set of control points. In particular, a Bézier curve
of degree = is de�ned by = + 1 control points. For our purposes, we
make use of cubic Bézier curves (= = 3), which means that each
curve segment is de�ned by four points, or equivalently, a start and
an endpoint, and a tangent at each one of them.
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Figure 2: Schematic overview of our approach that can be divided into three steps: data preparation, a generative model, and a
pose completionmodel. In the data preparation step, di�erent humanoid skeletons are broken down to their main characteristic
joints and represented by Bézier curves in 3D. Next, our Bézier Motion Model (BMM) is trained to generate these Bézier curves
for the use case of inbetweening with sparse joint-wise constraints (purple). Finally, a skeleton-speci�c IK-module is used to
map the generated Bézier curves to full skeletal motion.

4 Method
Measuring the positions and orientations of all of the joints at each
frame is a highly redundant representation of human motion. We
hypothesize that one can �nd a more compressed representation of
human motion akin to using parabolic equations for a free-falling
object instead of recording dense positions.

In this section, we detail our proposed trajectory-based motion
generation method that compresses motion representation in time
using Bézier curves and in space by leveraging Inverse Kinematics
on a characteristic subset of joints. In the �rst stage, a di�usion
model is used to create dense trajectories, parameterized as Bézier
curves that can be conditioned via sparse joint-level position targets.
In the second step, an independent Inverse Kinematics system is
used to retrieve the poses of the �nal motion for a speci�c character.

4.1 Data Representation
Recent learned Inverse Kinematics models such as [Oreshkin et al.
2022] and [Agrawal et al. 2023] have shown that a pose can be
reconstructed from only a small subset of known joints. Hence, we
can leverage such models to compress our motion representation.
To make our approach applicable to a wide set of humanoid skele-
tons, we restrict ourselves to the trajectories of only six joints �BD1 ,
namely the hips, the hands, the feet, and the head, see Figure 2. As
shown in the supplementary video and Appendix A.1, �BD1 is su�-
cient to reconstruct motions with high accuracy and o�ers a good
trade-o� between staying skeleton-agnostic and achieving good
reconstruction. While more joints improve reconstruction accuracy,
they also make the mapping to a skeleton more restrictive.

To further compress the representation temporally, we param-
eterize the trajectories via cubic Bézier curves with symmetric

tangents. From empirical evaluation (see Appendix A.2), we have
seen that it is su�cient to place a Bézier control point on every
sixth frame to achieve good reconstruction quality while maintain-
ing �ne-grained control over the motion. To obtain ground truth
Bézier curves, we employ optimization-based curve �tting using
the parameters described in Section 3.2.

For each joint 9 2 �BD1 , we de�ne its 3D position at time i as
%89 . Its position trajectory, % 9 , is then given by %89 for 8 2 1, . . . ,# ,
where # is the window length. We can then stack all position
trajectories as % = [% 9 | 9 2 �BD1 ]. We similarly de�ne the tangents
) , such that % and ) de�ne the full set of Bézier curves. Lastly,
orientations $ are represented as 6D vectors [Zhou et al. 2019]1.

Since the data only relies on a characteristic subset of joints, mul-
tiple data sets can be used or potentially even combined, although
we do not explicitly show training on combinations of datasets. To
do so one can use a simple scaling and an alignment of the pose to
compute �xed orientation o�sets.

Lastly, we incorporate a foot contact label, as is common in mo-
tion models to model foot contacts to reduce foot skating artifacts
[Tevet et al. 2022]. For the Bézier control points of the feet, we
make use of contact labels generated for the dense motion trajec-
tory at the corresponding time step. For details on labeling the foot
contacts, we refer to [Zhang et al. 2023b].

Data Alignment. As we are targeting the inbetweening use case
in this work, the start and end frames for �BD1 are always known.
To further incorporate sparse joint-wise constraints, we cannot
work in a parent local space as is the case for [Qin et al. 2022], a
1The usage of orientations is mostly used to ensure temporal stability when a frame-
based IK-module is used. An IK-module that also models time would not require the
orientations.
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Figure 3: Model architecture of the BMM. The noisy Bézier
control points and conditions are fed to a transformer en-
coder via independent linear encoding layers and decoded
to the denoised Bézier control points. All tokens receive the
positional encoding of the respective frame they represent.
Furthermore, a one-hot vector representing the joint ID—or
trajectory ID—is embedded with a linear layer, and added to
the corresponding condition tokens.

root-velocity space o�ered by the popular HumanML3D dataset
[Zhang et al. 2023b], or a root-relative space [Cohan et al. 2024;
Karunratanakul et al. 2023], since the root might not be known
ahead of time. Therefore, we work in a global coordinate frame
and reduce the problem complexity by translating all samples such
that the hip joint starts at the origin. The height of the root is not
adjusted. We omitted a further alignment such that the hip joint
faces in its local forward direction, similar to [Qin et al. 2022]. While
this can be helpful, it adds complexity to know this transform at
test time and we have observed su�cient results without it.

4.2 Bézier Motion Model
As outlined in Figure 2, the next step in our method is the generative
model, which generates trajectories (or motion curves) for the pre-
de�ned set of characteristic joints �BD1 . For the generative process,
we employ a di�usion model, that maps pure noise to a set of Bézier
curves. Thus we refer to this model as Bézier Motion Model (BMM).
The generated trajectories can be further conditioned based on 3D
locations of the Bézier points that the individual joints should go
through at the stated frames.

Model design. We make use of a simple transformer-encoder-
based architecture, shown in Figure 3, which is based onMDM [Tevet
et al. 2022]. However, we extend the input with condition tokens
to allow for spatial constraints. Similar to MDM, the noise level is
provided in a separate input token. Moreover, we stack the position,
tangent, and orientation trajectories to create # frame-wise tokens
G80 = [%89 , ) 89 , $89 | 9 2 �BD1 ] with 8 2 1, . . . ,# . These tokens are
then noised according to the current denoising step C to give G8C .

The conditions, 28 , consisting of target joint positions, are en-
coded with separate linear layers. To enable the encoder to associate
the conditions with the trajectories of the di�erent joints in �BD1 , a
one-hot vector representing the joint ID is added. Lastly, the tem-
poral ordering is represented with the typical additive sinusoidal
positional encoding (PE), corresponding to the frame the input
belongs to.

The model design is kept intentionally close to the standard
MDM design because our work focuses not on model improvements
but on the bene�ts of a factorized approach. Improvements to the
model design choices or better inference sampling schemes are
concurrent to this work. For further implementation details, please
see Appendix C.

Loss function. During training, we supervise the predicted Bézier
parameters, namely positions %̂ , and tangents )̂ , using an L2 loss
function against �tted ground truth trajectories % and) respectively.
Similarly, the predicted orientations $̂ are supervised using an L2
loss against ground truth $ . To better match the constraints, an
additional L2 loss is used for the constrained joints:

L2 =
����⇠ ⌦ (% � %̂)

����
2 , (4)

where⇠ is a binary constraints mask identifying which constraints
are present and ⌦ is element-wise multiplication.

Additionally, we generate dense positions %̂3 by sampling the
Bézier curves given by %̂ and )̂ using Equation (3). We then use
�nite di�erences on %̂3 to estimate velocities +̂ . We use these dense
trajectories for dense position and velocity losses against ground
truth %3 and +3 respectively.

As seen in prior works [Qin et al. 2022; Tevet et al. 2022], an ad-
ditional loss is required to reduce foot skating and improve ground
contact. We use a contact loss similar to [Tevet et al. 2022], consist-
ing of an L2 loss on predicted foot contact labels and regularizing
the L2 norm of the feet velocities at the frames with ground contact.
For more details and weighting on the di�erent loss terms, see
Appendix C.1.

4.3 IK-module for Pose Completion
In the next step, the Bézier control points are mapped to dense
trajectories of �BD1 . For the spatial position, the Bézier curves are
evaluated on uniform samples between the control points according
to Equation (3), and the orientations are computed with spherical
interpolation. In principle, one could have also modeled the ori-
entations as a 6D Bézier curve, however, for our experimentation
a simple interpolation was deemed su�cient. From those dense
trajectories, the full pose is reconstructed by using a learned Inverse
Kinematics system. Compared to the skeleton-agnostic BMM, the
IK-module is skeleton-speci�c. We showcase that one could use
several systems to map the sparse set of joints to a full pose, ranging
from simple frame-based models [Agrawal et al. 2023; Oreshkin
et al. 2022], to temporal models [Qin et al. 2022], and to another
di�usion model trained with dense conditions [Cohan et al. 2024],
or even a traditional rig. To exemplify the generative power of our
BMM, we stick to a simple frame-based model in most experiments,
namely a pre-trained ProtoRes model [Oreshkin et al. 2022]. Later,
in Section 6.4, we showcase how other models can be used.
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Frame-based IK-module. The ProtoRes model can map a subset
of joint handles to a full pose. These handles can be 3D position,
global orientations, or look-at targets. Due to the frame-based na-
ture of the model, there is no notion of temporal consistency when
evaluating two independent sets of handles, besides their similarity
in the input domain. When only the positional handles are used,
one can observe that the poses exhibit some temporal jitter in the
orientations of the end-e�ectors. We found that providing ProtoRes
with additional orientation handles alleviates this issue, so we al-
ways add the predicted orientations from the BMM as orientation
handles. Overall, the input to ProtoRes consists of the six positions
and six rotation handles and its output is the full pose consisting of
the root position and orientations on all joints.

5 Evaluation
In the following, the main metrics, baseline comparisons, and im-
plementation details are explained that are used for the quantitative
evaluation discussed in Section 5.4.

5.1 Evaluation Metrics
The main objective of our model is that it can be reliably used by an
artist by using sparse joint-level constraints. The generated motion
should hit the constraints precisely while looking natural.

To measure the accuracy of the user-speci�ed constraints, we
compute the L2 distance of the sparse constraints and refer to
this metric as the handles error.2 This measures the error only on
intermediate constraints and excludes the �rst and last frames. We
evaluate this metric for two ways of sampling the intermediate
constraints. When the constraints are sampled directly from a data
clip, we refer to this as in-distribution. While this best captures
how well the model has learned to reconstruct the data, it does not
necessarily re�ect how well the model can stick to user-speci�ed
constraints, as those may go out of the data distribution. To quantify
such out-of-distribution samples (OOD), we also add random noise
to the sampled constraints to emulate such user-speci�ed variations.
The noise is sampled from a uniform distribution of ±16cm per axis.

To measure the naturalness of the generated motion we com-
pute FID on motion embeddings, which quanti�es how close the
generated data is to the original data distribution. Additionally, as it
is common for generative motion models, we also report Diversity
and Multimodality [Tevet et al. 2022].

Lastly, to quantify the quality of the generated motion, in par-
ticular for locomotion, we report a foot skating metric. For more
details on these metrics, see Appendix B.

5.2 Dataset and Implementation Details
We evaluate our model performance against the start of the art on
the publicly available AMASS [Mahmood et al. 2019] and LaFan1
[Harvey et al. 2020] datasets. Additionally, we used a small in-
ternal dataset to test the data limits of training a motion model
compared to an IK-module. As we do our predictions in a simple
world-space representation, we do not make use of the data format
of HumanML3D [Guo et al. 2022], but instead use the unconverted

2We use the terminology handles, since we regard the constraints as 3D control handles
a user can interact with similarly to an IK constraint.

AMASS part of it for training and evaluation. After inference, re-
sults are converted to HumanML3D’s representation in order to
compute the FID metric in Section 5.4 using embeddings generated
by their feature extractor. We downsample AMASS to 20 FPS for
all listed metrics to do this. The LaFan1 dataset primarily contains
locomotion data with some dance and other miscellaneous motions.
We use subjects 1 through 4 as training data and subject 5 as val-
idation data. Lastly, our internal dataset includes 45 minutes of
locomotion, skipping, and yoga motions recorded at 30 FPS.

For retargeting results shown in Section 6.4 and in the supporting
video, the skeletons of di�erent datasets must be aligned to the same
pose and scaled appropriately. Then, �xed orientation o�sets can be
computed, which allows to transform the trajectory predictions to
the appropriate orientation spaces. Lastly, we train our Bézier model
for a 31-frame window and additionally add zero to four uniformly
sampled sparse intermediate constraints for each sequence.

For recovering the full pose from the predicted trajectories, we
use our implementation of ProtoRes [Oreshkin et al. 2022] and
SKEL-IK [Agrawal et al. 2023] models. Both learned Inverse Kine-
matics models are implemented without any modi�cations.

5.3 Baseline Comparisons
As detailed in Section 2.1, while methods such as Guided Motion
Di�usion [Karunratanakul et al. 2023], OmniControl [Xie et al.
2023], and DNO [Karunratanakul et al. 2024] are capable of using
sparse constraints, they are either restricted to taking constraints
on only the root joint or rely on expensive optimization that does
not allow for interactive rates. As we show in the supplementary
video, in the case of OmniControl, the produced motions have
unrealistic behavior when using sparse constraints with larger
jitters to match the constraints.3 Hence, we omit these types of
models from quantitative comparisons.

CondMDI [Cohan et al. 2024], which is designed for inbetween-
ing with additional full intermediate frames, comes closest to our
use case. Therefore, we adapt CondMDI for inbetweening with
sparse joint-wise constraints for our comparison. To do so, we use
the same global representation as in our BMM instead of their root-
relative representation. We refer to this adaption as CondMDIG.

Additionally, we evaluate against two ablated versions of our
model. The �rst ablation predicts the orientation of all joints and all
time steps, thus it neither uses a Bézier representation nor does it
factorize the motion space. To allow this model also to use inpaint-
ing, analogous to BMM or CondMDI, the data is represented as a
pair of positions and orientation, where the constrained positions
can be inpainted during inference. We use the same transformer
architecture as for our Bézier model and refer to this ablation as
BMM�� ,�⌫ model. A second ablation, BMM�⌫ , does not use a
Bézier points but predicts the dense 3D trajectories for �BD1 .

5.4 Quantitative Evaluation
In Table 1, we report the results of our quantitative comparison
of BMM with the three di�erent baselines for both the LaFan1
dataset as well as the AMASS dataset. The values are averaged for
3k samples on LaFan1 and 10k samples on AMASS. In the latter

3This was evaluated on a pre-trained model that was not speci�cally trained for this
sparse use case.
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Table 1: Results of our quantitative evaluation of BMM against three baselines. Validation for LaFan1 is done for 3k samples,
and 10k samples on AMASS to ensure a proper FID computation. For BMM and BMM�⌫ , the metrics are computed after the
IK-module for which we use a ProtoRes model trained on the speci�c dataset.

Dataset Model Type Handles Error [cm] # OOD Handles Error [cm] # Foot Skating Ratio # FID # Diversity! Multimodality "

LaFan1

LaFan1 GT - - 0.1209 - - -
CondMDIG 8.6809 15.4506 0.2489 - - -
BMM�� ,�⌫ 14.8722 20.1980 0.2861 - - -
BMM�⌫ 3.7742 6.8788 0.2347 - - -
BMM 0.8914 1.7090 0.2176 - - -

AMASS

AMASS GT - - 0.1089 0.0043 1.5797 -
CondMDIG 12.8676 19.8571 0.1902 0.2178 1.4035 1.2122
BMM�� ,�⌫ 14.5924 20.7648 0.2708 0.1873 1.4048 1.2098
BMM�⌫ 4.0008 6.6274 0.1138 0.2024 1.5275 1.4283
BMM 1.1573 1.8384 0.1709 0.1888 1.5492 1.6382

case, we computed FID (see Section 5.2 for details). As LaFan1 uses
a di�erent frame rate (30 FPS) compared to the feature extractor
(20 FPS), FID, Diversity, and Multimodality are not computed.

BMM outperforms the other baselines in terms of handles ac-
curacy. This is even more pronounced in the out-of-distribution
(OOD) case, which is crucial for a model that is used in an inter-
active motion authoring tool. Due to the overwrite mechanism
of the BMM, outlined in Appendix A.3, the handles accuracy is
bounded by the accuracy of the trained IK-module. By looking at
the FID, we also see that the accuracy of our method does not come
at the cost of creating unnatural motion and still represents the
data distribution well.

The ablation of BMM�⌫ , which predicts dense 3D curves for
�BD1 , performs signi�cantly better than the other baselines that rely
on reconstructing a full FK-skeleton. This con�rms our intuition
that it is harder for di�usion models to learn to accurately hit sparse
constraints, when there is an indirection between condition and
prediction space, here via the FK-chain. By comparing BMM�⌫ with
BMM, we see that the Bézier curves representation also adds a ben-
e�t for hitting the constraints. Partially, this improvement comes
from the overwriting mechanism. But as we report in Appendix A.3,
even without the overwriting, BMM has a more accurate handles
loss. Additionally, overwriting cannot be applied for BMM�⌫ with-
out introducing artifacts and for BMM it does not result in a worse
FID. Interestingly, we also observe that BMM�⌫ exhibits improved
foot skating on AMASS. We suspect that this indicates that for
accurate foot contacts, it is helpful to have a denser resolution than
the six frames of the Bézier curves.

Lastly, the comparison of BMM�� ,�⌫ and CondMDIGindicates
that the UNet architecture of CondMDI could be better than the
transformer architecture of BMM. However, since the conditioning
mechanism in the transformer o�ers more �exibility on how we
can condition the model, we did not further investigate the usage
of a UNet architecture for BMM and leave this for future work.

6 Results
In this section, we will cover the qualitative results of our approach.

6.1 Handles Accuracy
For in�uencing the motion with sparse joint-wise handles the con-
straints must be hit accurately while also creating smooth and

Figure 4: Comparison of handles accuracy for the CondMDIG
(left) baseline and our BMM (right).

natural motion. Due to the overwrite mechanism and the tempo-
ral smoothness of the Bézier curves, our model can create natural
curves that go directly through the user constraints. On the other
hand, Figure 4 shows how the baseline CondMDIG struggles to hit
the constraints accurately and even creates visual artifacts such
as sharp peaks in the curves. These artifacts showcase the prob-
lem of the di�usion model to respect the sparse constraints in the
generation process. For CondMDIG, we also experimented with
increasing the loss weighting on the constraints but found that it
led to negligible improvements in handle error while decreasing
the realism of the motion through more pronounced peaks in the
curves.

6.2 In�uence of Intermediate Handles
The e�ect of editing the intermediate constraints on the curves and
the pose can be best observed in the supplementary video. However,
Figure 5 still clearly depicts the e�ects of moving a single interme-
diate handle, the hip. The position of the hip not only changes the
timing of where the pose is in space but also heavily a�ects the
overall type of motion. Even from a single visualized pose, one can
see that the character is in a sprinting position when the edited
hip is close to the starting frame (top row). When the hip is in the
middle, the pose resembles more of a jogging pose, and when the
hip is close to the �nal frame (last row), the character appears to
be decelerating, with the center of mass behind the legs.

The fact that the speed or type of the motion can be inferred
from a single pose highlights that even a frame-based IK-module
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Figure 5: Comparison of motion curves when themiddle root
handle is moved in space (highlighted in white) to 6 di�erent
locations between the start and end. All images depict the
same time step in the animation. The closer the root is moved
to the start, the less time the character has to reach the �nal
frame in the remaining frames, which changes the motion
from a sprint (top) to a run (middle) and �nally to a casual
walk (bottom).

can create motion when the curves are descriptive enough of the
motion.

Furthermore, the in�uence of moving a single joint is also dis-
tinctly di�erent from the CondMDIG and BMM�� ,�⌫ that rely on
a representation of orientations. In that case, the in�uence is much
more locally con�ned to the curve of that joint, which indicates
again that the model struggles to propagate the relevant corre-
lations properly across the kinematic chain. BMM and BMM�⌫ ,
which directly predict in the 3D space, have a much more global
in�uence.

6.3 Editing Process
Figure 6 depicts how a running motion, generated without interme-
diate constraints, can be edited to become a running motion with a
jump in the middle. This is easily done by moving just a few control
points. First, the hip is adjusted to create a basic jump. Secondly,
the leading leg is raised to better overcome the obstacle. Lastly, the
arms are raised in mid-air for artistic reasons.

The editing process works at interactive rates and the user di-
rectly gets feedback from the shape of the curves and the recon-
structed pose. Due to the overwrite mechanism of the Bézier points,
the points are hit accurately and do not change with the addition
of new joint-wise constraints. Compared to our baseline models,
this ensures a non-destructive work�ow, which is essential for real-
world usage. During the editing process, the user can set di�erent
seeds to the di�usion process to explore other generated samples.
For more editing results we refer to the supplementary video.

Figure 6: Visualization of an iterative editing process with
the predicted Bézier curves. A generated running motion is
converted into a run and a jump by simply moving a few
handles (highlighted in white).

6.4 Modularity of IK-Modules
The factorization allows the use of a variety of skeletons and IK-
modules to go from the Bézier curves to the �nal motion.

Di�erent skeletons. In Figure 7, we showcase this �exibility for
four di�erent skeletons that use the same Bézier curves. All charac-
ters employ a ProtoRes model trained on their respective data. In
the case of the frog character, a traditional IK rig is used to drive the
reversed legs of the character, for which there is no data to train a
pose model (see Appendix D.4 for more details). The motion curves
are faithfully mapped to all characters, despite di�erent skeletal
hierarchies and proportions.

In the supplementary video, we showcase another type of skele-
ton with variable bone length. In this case, an IK-module similar to
SMPL-IK [Voleti et al. 2022] is used to map to the full pose. Since
this can be done on a per-frame basis, the bone length of the model
can even be animated during the motion, which would be hard to
achieve in a traditional way of retargeting. See Appendix D.3 for
further details on this setting.

Di�erent models. Besides di�erent skeletons, one can also em-
ploy di�erent types of IK-modules. Besides the ProtoRes model,
we also tested SKEL-IK as another frame-based model. This model
employs the additional notion of a base pose that should be con-
served. By conditioning on the respective previously generated
pose over time, this model also o�ers a way to add natural smooth-
ness to predictions despite its frame-based nature. We observed
that in this case, it is possible to omit any orientation handles as
inputs, which further simpli�es the application of the model across
di�erent characters.

Additionally, we tested two temporal models that have been
trained on dense 3D condition trajectories: TwoStage [Qin et al.
2022] and our adapted version of CondMDIG. Both models hit the
generated curves accurately and thereby also the user-controlled
conditions. In the case of CondMDIG, this also supports our claim
that the sparseness of the conditions is a major problem for the
di�usion model to hit constraints accurately. When provided with
a dense condition signal, it is easier for the generative model to use
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Internal LaFan1

SMPL/AMASS Reversed Leg Rig

Figure 7: Bézier motion curves applied to di�erent skeletons.
For the �rst three skeletons, a ProtoRes models is used as
the IK-module. The Reversed Leg Rig uses traditional IK
controllers on the lower body. The start and end frame come
from a validation clip of LaFan1.

the information and satisfy the constraints. Interestingly, we ob-
serve very little variability in the generated motions for CondMDIG
trained on dense conditions, indicating that the motion is su�-
ciently determined by the Bézier motion curves and �BD1 . Similar
to what we observe for SKEL-IK, motion models trained on dense
conditions do not require orientation conditions to produce smooth
motions. However, using a motion model or even an additional
di�usion process introduces computational complexity that can
signi�cantly slow down the overall system.

6.5 Training with Small Dataset
To demonstrate the advantage of our factorized approach and a
purely frame based pose model, we also trained an IK-module on
a 10 minute subset of our internal data. This contains a variety of
poses but little locomotion. As a comparison, we also trained BMM
on this limited data.

As can be seen from the supplementary video, BMM trained on
the small internal dataset cannot create realistic-looking motions
for poses taken from an evaluation clip of the same dataset. On
the other hand, when the pose model is applied on top of BMM
trained on LaFan1, the curves and reconstructed full-body motion
look much more realistic for this character, indicating that the
IK-module is still su�cient for such a case of limited data.

7 Discussion
We hypothesized that di�usion models struggle with condition-
ing on sparse constraints in an inbetweening work�ow due to the
sparseness of the condition and the discrepancy between condition
signal and output domain. By factorizing out the IK task from the
generative process, our motion model, BMM, is directly regressing
global positions and orientations. Additionally, our two stage ap-
proach decreases the sparsity of conditions by only working with
�BD1 in the generative stage. Working with Bézier representation for
motion curves further decreases the condition sparsity. With com-
parisons, we showed that these design choices result in signi�cantly
better accuracy.

Due to our factorization, BMM is skeleton-agnostic as it is only
aware of the leaf joints, i.e. the hands, the feet, the neck, and the
root joint. The rest of the skeleton hierarchy is only known to
the secondary IK-module. We show that working in this reduced
skeleton space is su�cient for most motions and the �nal motion
can be faithfully recovered using a number of IK-modules, ranging
in complexity from simple traditional rigs to even other generative
motion models.

Besides reducing the condition sparsity, working in a skeleton-
agnostic space has several advantages. One can easily transfer the
motion from one character to another, enabling animating charac-
ters with very little to no data or possibly even training on mixtures
of datasets from di�erent skeletons. However, a simple skeleton-
agnostic approach might not be su�cient when working with char-
acters of signi�cantly di�erent proportions or di�erent topologies
such as quadrupeds. Moreover, theremight be some artistic controls,
such as foot roll, that cannot be modeled in our restricted de�nition
of a characteristic skeleton, �BD1 . One could also introduce auxiliary
joints to �BD1 , e.g. the knee or the toes to reintroduce a foot roll,
while still being largely skeleton-agnostic for the generative step.
As we have seen in Image generation and Natural Language Pro-
cessing, leveraging large datasets unlocks true generative powers
of di�usion models. We hope that future work will explore more
skeleton-agnostic approaches that can train on mixtures of datasets
with varied proportions and even topologies.

Our use of Bézier curves also provides post-inference bene�ts.
Firstly, the constraints can be inpainted even after the last step of the
inference without introducing any discontinuity in the predicted
curves. Secondly, animators are already familiar with this type of
control for modeling motion. They are sparse and simpler to control
compared to editing dense motion. And lastly, their widespread
usage in any 3D animation tools simpli�es the integration into such
software and into the artists’ work�ow.

7.1 Limitations
While our approach o�ers several advantages over current ap-
proaches, it also comes with some limitations.

We showed that our model can generate realistic motion from a
highly sparse set of conditions. However, similar to other learned
methods, our model fails when the conditions are very far from the
training data distribution.We include an example of one such failure
in our supporting video. The ground truth depicts jumping down
from a higher ground and rolling before standing. As both moving
between di�erent ground heights and rolling are ill-represented in
the training data, our method struggles to generate realistic motion.
However, the smooth interpolation characteristics of Bézier curves
allow the animators to more easily clean up the initial prediction,
indicating better usability.

While our representation helps with hitting constraints, it also
lowers the theoretical upper bound on the �nal motion quality. As
we show in Appendix A.1 and A.2, we select our �BD1 and Bézier
stride parameters to o�er a good balance between motion quality
and compression. Despite this upper limit, the generated motion
quality is still comparative to the current state of the art.

While the control over the Bézier curves is closer to what an
animator is familiar with, the factorization also implies that in
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our implementation the generator can only be conditioned on the
modeled joints, and only on frames that have a Bézier control point.
Thus, to in�uence the other joints, one would either need to extend
the conditioning method in the generator or address this in the
IK-module. For a purely frame-based IK-module, such a condition is
challenging because the in�uence is not automatically propagated
over time. To address this shortcoming, it would require additional
mechanisms that go beyond the scope of this work.

8 Conclusion and Future Work
While there has been rapid progress in the �eld of generativemotion
modeling, it is heavily constrained by the current representation
of the datasets and their underlying skeleton. In contrast to the
image domain, where data is already represented in one uni�ed
representation, namely RGB pixel values, motion always depends
on a speci�c skeleton. This limits the scalability of data and also
the usage of the trained models. We believe that similar to other
domains, there is a signi�cant bene�t to overcoming this lack of
alignment in the motion domain. We hope that our investigation
towards a more uni�ed motion space will inspire future research
in this direction.

In the future, we envision addressing the �xed time interval in
the Bézier handles, to give more freedom of where the conditions
can be placed. Additionally, as animators set control points for their
curves in very speci�c ways, it would signi�cantly help adoption in
the industry, if the timing could also be predicted simultaneously.
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A MOTIVATION OF DESIGN CHOICES
In the following section, we will go into more details on how we
justify our design choices for BMM.

A.1 Su�ciency of Sparse Handles
To verify that a sparse set of constraints is su�cient to accurately
reconstruct the original motion, we compared the reconstruction
quality that ProtoRes can achieve for di�erent joint con�gurations
of �BD1 . In Table 2, the reconstruction quality for LaFan1 validation
data is shown. From this, we determined that using positions and
orientations of root, neck, hands, and feet provide the best trade-o�
between reconstruction quality and joint sparseness. The latter of
which is important for using our method with di�erent skeletons
and to achieve a larger reduction of the prediction space.

For visualizations of di�erent subsets of joints and also for omit-
ting the orientation constraints, we refer to the supplementary
video.

Table 2: Reconstruction error of a pre-trained ProtoRes
model for di�erent con�gurations of subset skeleton. For all
joints, position and orientation handles are provided from
the LaFan1 validation data. Error is measured as Mean Per
Joint Positional Error (MPJPE) in cm.

Joints used as constraints MPJPE #
All joints 0.9943
Root, Neck, Hands, Feet, Elbows, Knees 1.1610
Root, Neck, Hands, Feet 1.2802
Root, Hands, Feet 2.8380
Hands, Feet 6.5878

A.2 Stride between Bézier Control Points
To determine a good value for the temporal discretization between
Bézier control points, we evaluated the reconstruction for several
settings, as shown in Figure 8. We �nd that even with larger Bézier
strides, such as 6-9, the reconstruction quality is mostly dominated
by the lower bound of the error from the ProtoRes model. This
emphasizes the power of Bézier curves for compressing motion
data. However, bigger strides come at the downside of reduced
controllability. We found that a stride of six o�ers a good trade-o�
between reconstruction quality and controllability.

A.3 Overwrite for Bézier Curves
The compressed representation of time with Bézier curves not only
leads to a smaller input size but also to the ability to employ a simple
overwriting mechanism to accurately match the 3D conditions. As
shown in Figure 9, the temporal smoothness of the Bézier curves
guarantees a smooth �nal trajectory, even when there are slight
prediction errors. When using dense 3D trajectories such a direct
overwrite cannot be done without introducing artifacts. Di�usion
models, like CondMDI, often employ such an overwrite mechanism
also during inference, such as for inpainting. While this reduces
the artifact a bit, it does not fully get rid of it. Additionally, any
inference based mechanisms, like overwriting or guidance, to help
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Joint Positional Error (MPJPE) in cm.

Joints used as constraints MPJPE #
All joints 0.9943
Root, Neck, Hands, Feet, Elbows, Knees 1.1610
Root, Neck, Hands, Feet 1.2802
Root, Hands, Feet 2.8380
Hands, Feet 6.5878

A.2 Stride between Bézier Control Points
To determine a good value for the temporal discretization between
Bézier control points, we evaluated the reconstruction for several
settings, as shown in Figure 8. We �nd that even with larger Bézier
strides, such as 6-9, the reconstruction quality is mostly dominated
by the lower bound of the error from the ProtoRes model. This
emphasizes the power of Bézier curves for compressing motion
data. However, bigger strides come at the downside of reduced
controllability. We found that a stride of six o�ers a good trade-o�
between reconstruction quality and controllability.

A.3 Overwrite for Bézier Curves
The compressed representation of time with Bézier curves not only
leads to a smaller input size but also to the ability to employ a simple
overwriting mechanism to accurately match the 3D conditions. As
shown in Figure 9, the temporal smoothness of the Bézier curves
guarantees a smooth �nal trajectory, even when there are slight
prediction errors. When using dense 3D trajectories such a direct
overwrite cannot be done without introducing artifacts. Di�usion
models, like CondMDI, often employ such an overwrite mechanism
also during inference, such as for inpainting. While this reduces
the artifact a bit, it does not fully get rid of it. Additionally, any
inference based mechanisms, like overwriting or guidance, to help
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Figure 8: Reconstruction error for di�erent strides of Bézier
control points. The error is computed as Mean Per Joint Po-
sitional Error (MPJPE) in cm after pose completion with a
ProtoRes model on a LaFan1 validation data.

with prediction error, can also be employed in the case of Bézier
curves.

Table 3: Comparison of BMM with and without overwriting
on AMASS.

Model Handles Error [cm] # OOD Handles Error [cm] # Foot Skating Ratio # FID

BMM 1.1573 1.8384 0.1709 0.1888
BMM w/o overwrite 2.6455 4.6216 0.1556 0.1932

Overall, the overwriting scheme guarantees that the generated
curves will exactly hit the constraints and all constraint errors are
accredited to the IK-module. In the case of a learned model, the
latter can still introduce some discrepancy between the visualized
pose and the motion curves. However, as pose based models keep
improving, this discrepancy will also go down.

B EVALUATION METRICS
Fréchet Inception Distance (FID). FID is a measure of distribution

similarity. First proposed in [Heusel et al. 2017], it is used to mea-
sure the performance of generative models by comparing features
of produced values to ground truth features, after feeding them
through a feature extractor. As proposed in [Tevet et al. 2022], we
use the motion feature extractor of [Guo et al. 2022b]. Since we do
not use HumanML3D directly, we instead split up the combined
evaluation and test set of AMASS into non-overlapping 31-frame
segments and subsequently convert them to a 263-dimensional rep-
resentation with the conversion script from [Guo et al. 2022b]. We
do the same for generated motions and encode everything with
their feature extractor. The mean and covariance of the encoded
features are then computed and used to obtain FID as

��⇡ (-Pred, ⌃Pred) = | |-GT � -Pred | |22
+ CA

⇣
⌃GT + ⌃Pred � 2(⌃GT⌃Pred)

1
2
⌘
. (5)

Handles Error. The handles error measures the mean L2-norm
between predicted joint trajectories and the desired locations. Note
that we only compute this on intermediate frames and not the �rst
and last frames, to get a better representation of sparse constraint
hitting.
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Figure 9: Schematic comparison of overwriting a slight pre-
diction error for trajectories parameterized as (a) dense 3D
points or (b) or Bézier curves. The temporally smooth nature
of the latter helps to avoid artifacts.

Handles Error. The handles error measures the mean L2-norm
between predicted joint trajectories and the desired locations. Note
that we only compute this on intermediate frames and not the �rst
and last frames, to get a better representation of sparse constraint
hitting.

Foot Skating Ratio. Similar to [Zhang et al. 2021], we consider a
motion to exhibit foot skating if both heels are within 5 cm of the
�oor and move laterally at more than 7.5 cm/s. This metric then
represents the fraction of frames on which these conditions are
met, i.e. skating occurs.

Diversity. Diversity measures the variance of encoded motions,
which should ideally be close to that of ground truth. Like [Tevet
et al. 2022], this is obtained by randomly sampling two subsets
{E1, ..., E(3 }, {E

0
1, ..., E

0
(3
} of equal size (we choose (3 = 1000) from

generated motions and estimating the variance with

Diversity =
1
(⇡

(3’
8=1

| |E8 � E
0
8 | |2 . (6)

Multimodality. This metric measures variance under �xed condi-
tions, or how varied output motions are when providing the model
with the same constraints. Similar to diversity, it is computed as

Multimodality =
1

⇠ ⇥ (<

⇠’
2=1

(<’
8=1

| |E2,8 � E
0
2,8 | |2, (7)

where we �rst pick ⇠ = 100 conditions at random from GT and
then sample (< = 20 times per condition. For each condition 2 , the
output is split into two subsets {E2,1, ..., E2,(</2}, {E

0
2,1, ..., E

0
2,(</2}.

C IMPLEMENTATION DETAILS
C.1 Training Hyperparameters
In Table 4, the hyperparameters for training BMM are listed. Ad-
ditionally, the noise-dependent loss scaling method proposed in
[Hang et al. 2024] was applied to improve convergence speed.

Table 4: Hyperparameters of BMM

Hyperparameter Value

Learning rate 1e-4
Optimizer AdamW w/ AMSGrad

Weight decay 1e-2
Batch size 64
Latent dim 512

FF Layer dim 1024
# Heads 4
# Layers 8

Noise scheduler DDIM [Song et al. 2022]
Noise schedule Cosine [Nichol and Dhariwal 2021]
Di�usion steps 1000

C.2 Loss functions
The training loss consists of the following terms:

Bézier point position loss L1 . L2 loss between predicted and GT
Bézier positions. This can be represented as:

L1 =
����% � %̂

����
2 (8)

Bézier point tangent loss LC . L2 loss between predicted and GT
Bézier tangents. This can be represented as:

LC =
����) � )̂

����
2 (9)

Orientation loss L> . L2 loss between predicted and GT orienta-
tions on Bézier control points.

L> =
����$ � $̂

����
2 (10)

Dense position loss L? . L2 loss between positions sampled from
the Bézier curves and GT positions.

L? =
����%3 � %̂3

����
2 (11)

Velocity loss LE . L2 loss between predicted velocities, via �nite
di�erences, and GT velocities.

E3
8
9 = %3

8
9 � %3

8�1
9 (12)

LE =
����+3 � +̂3

����
2 , (13)

where +3 is a velocity vector containing all E389 for 9 2 �BD1 and
8 2 1, . . .# . We de�ne +̂3 similarly using the predicted positions
%̂3 .

Bézier point conditions loss L2 . L2 loss between predictions and
input conditions on Bézier positions.

L2 =
����⇠ ⌦ (% � %̂)

����
2 , (14)
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Foot contact labels loss L62 . L2 loss on binary contact labels.

L62 =
����⌧⇠ � c⌧⇠ ����2 , (15)

where ⌧⇠ are binary ground contact labels.

Foot skating loss Lskate. L2 loss on velocities from Bézier points
with predicted foot contact label to the respective next discretized
frame.

Lskate =
’

92 ��44C

����c⌧⇠ 9 ⌦ +̂9
����

2 , (16)

where ��44C includes the left and right feet joints.
The relative weightings of the loss terms are listed in Table 5.

Table 5: Weightings of loss terms

Loss L1 LC L> LE L? L2 L62 Lskate

Weight 1.0 5.0 1.0 10.0 1.0 5.0 0.01 10.0

While we conducted several experiments on how to weigh those
losses properly, the reported values are su�cient to reproduce the
shown results, but may not be optimal. Additionally, we experi-
mented with omitting the dense losses of L? and LE , since the
positions are already parameterized by the Bézier controls and may
seem redundant with respect to L1 and LC . However, we observed
the dense losses helped to improve foot skating metrics. This may
indicate that for the feet the temporal discretization with the Bézier
curves could bene�t from a more dense resolution. This observation
is also supported by the fact that the ablation BMM�⌫ has a better
foot skating ratio as reported in Table 1.

C.3 CondMDIG Baseline
We follow the implementation of [Cohan et al. 2024] and make use
of the unconditioned motion di�usion model of Guided Motion
Di�usion [Karunratanakul et al. 2023] as the backbone of Cond-
MDI. As outlined before, instead of predicting in a root-relative
frame, we predict everything in world-space coordinates to allow
for conditioning without requiring the root.

To keep the input close to the inbetweening setting of BMM, we
condition the �rst and last frame only on the positions of the �BD1 .
Note this is di�erent from the inbetweening scenario in [Karun-
ratanakul et al. 2023], where all joints and orientations are given.

We tested several ways to improve the handles accuracy, such
as using classi�er-free guidance (CFG) [Ho and Salimans 2022]
and weighting for the handles loss L2 . Similarly as in the original
implementation of CondMDI, using a CFG value of 2.5 improves
handles accuracy. Hence, all reported results are evaluated with
that setting. However, we observed that the poor accuracy is not
simply a result of the weighting on the handles loss. Scaling L2 up
by a factor of four did not result in satisfactory constraints accuracy,
but rather led to more peaky motions.

C.4 IK-Modules
C.4.1 Protores. We train our implementation of [Oreshkin et al.
2022] without any modi�cations for 3600 epochs with a starting
learning rate of 2 ⇥ 10�4 and decay of 0.5 every 300 epochs.

C.4.2 SKEL-IK. We train our implementation of [Agrawal et al.
2023] without any modi�cations following the learning parameters
stated by the authors.

C.4.3 TwoStage. The original TwoStage model by [Qin et al. 2022]
works in parent local space, predicting joint orientations and root
translation. We adapted their implementation to predict world space
positions and conditions on the 3D positions trajectories for �BD1 .
Hence, we refer to this model as TwoStage⌧ .

C.4.4 CondMDIG. We adapt [Cohan et al. 2024]’s work according
to Section 5.3 and train with the joint trajectories for all joints of
�BD1 provided. Note that one could also use their original model
without any modi�cation as the root trajectory is known for this
application. We use the adapted version to be consistent with all
our other results.

C.4.5 Variable bone length model. We adapt the ProtoRes model
by [Oreshkin et al. 2022] to include bone proportions of the skele-
ton, similar to [Voleti et al. 2022]. By sampling a number of bone
proportions during training, the converged model is able to gener-
ate a pose satisfying the given constraints for di�erent character
proportions.

D ADDITIONAL EXPERIMENTS
D.1 Inbetweening of Multiple Segments
In our supplementary video, we showcase the reconstruction for
inbetweening for multiple sequential segments taken from a LaFan1
validation clip (with and without intermediate constraints). Those
segments are evaluated independently since our use case focused on
the controlling sparse constraints of a single inbetweening section.
Therefore, visual artifacts in the transitions between the di�erent
segments can be expected since BMM is not designed for this type
of scenario.

However, even though we focus in this work on the control of
a single inbetweening section, the representation of Bézier curves
also helps to counter some of the temporal inconsistencies at the
boundaries compared to a dense trajectory model. Since the Bézier
curves are naturally smooth and the model hits the conditions ex-
actly, one can average the tangents or the predicted orientation on
the boundaries to create more temporally consistent motion. Addi-
tionally, one can also further couple the inference steps by sharing
information between the di�erent boundary variables. In the video,
we only averaged orientation handles across the boundary, but did
not implement any of the other more sophisticated schemes.

D.2 Sampling Diversity
Figure 10 shows four samples for the same input condition in the
unconstrained and constrained case after manual edits, cf. Figure 6.
The model is trained on LaFan1 and the start and end frames are
sampled from LaFan1 validation clip. For the unconstrained case,
the variability is fairly low, which could indicate that the start and
end frame already strongly determine the motion. Interestingly, the
introduction of manual constraints seems to increase variability.
This could potentially come from the fact that the handles put the
motion into an underrepresented part of the motion space with
large variability, compared to the running motion which might
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(a) unconstrained

(b) with intermediate handles

Figure 10: Example of diversity of the sampled Bézier mo-
tion curves. a) for the unconstrained case b) a constrained
case with intermediate handles to get a jumping motion, cf.
Figure 6. While the constrained control points are hit per-
fectly by design, the unconstrained control points still show
variability.

have less variable mode, due to the many locomotion samples in
the LaFan1 data. For a better visualization of the sampling diversity,
we defer to the supplementary video.

Since the inbetweening interval of 31 frames (⇠ 1 second) is
not too long, it can also not be expected that the diversity can
show too many di�erent motions between the start and end poses.
Nonetheless, sampling those curves in an interactive way, o�ers
new opportunities to quickly explore motions in an animation
work�ow.

D.3 Variable Skeleton Proportions
One can also apply the generated Bézier curves to characters of
di�erent proportions. To showcase this, we trained a ProtoRes
model that can deal with variable bone lengths similarly to SMPL-
IK [Voleti et al. 2022]. With such a learned system, we cannot only
use a �xed set of bone length but even vary the bone length over
time, see the supplementary video or Figure 11. Here the scales are
varied for the arms, legs, and spine joints between factors of 0.5
and 1.5. In order to use such extreme proportions, we omitted the

Normal Short

Long Variable

Figure 11: IK-module with variable skeleton proportions.

position handles of the hip and head to the IK-module. Otherwise,
those position constraints would become too restrictive, e.g. scaling
up the legs and arms could not result in an upright walking pattern,
because the hip and head would force the person into a hunched-
down pose.

While this experiment nicely highlights the power of factorizing
the motion generation into a skeleton agnostic part and an IK-part,
it also comes with its limitations when pushed to such extremes.
Ideally, the generative models should also have some information
about the overall skeleton proportions to better generate motion
that looks authentic with those di�erent proportions. We believe
this could still be achieved in a mostly skeleton-agnostic way by
feeding the proportions of the uni�ed skeletons as additional inputs
to the model: such as height of the legs, length of arms, or height
from head to hip. However, exploring this extension goes beyond
the scope of this work.

D.4 Using a Traditional IK-Rig
As shown in the supplementary video, one can also drive a tradi-
tional character Rig with the generated Bézier curves. We showcase
this by driving the lower body of the frog character. The legs of this
character are so-called reversed legs, that compared to a human
skeleton, express two highly animated knee-like joints, one going
forward and one backward. The legs are rigged with a multi-step
IK-chain, whose positional target for the foot can be driven by the
Bézier curves of the heel. For additional control of the leg orienta-
tion, we mapped the orientation of the feet to the pull vector of the
IK chain.

Since the upper body shared the same skeleton as the LaFan1
skeleton, we applied a ProtoRes model on the upper body.

This example highlights the strength of using a representation
of motion for which data are abundant, suitable for training large
generative models, and a secondary system that can connect this
representation to the speci�c character for which very little or
no data exists. While this is traditionally done with a complex
retargeting setup, we believe that our approach simpli�es this by
implicitly doing a simple yet e�ective end-e�ector retargeting under
the hood.
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Table 6: Evaluation of the number of inference steps.

Steps Model Handles error [cm] # Foot Skating Ratio # FID #

5 CondMDIG 32.7625 0.2045 1.6199
BMM 1.1559 0.1803 0.1974

10 CondMDIG 16.7361 0.2157 0.2613
BMM 1.1573 0.1709 0.1888

25 CondMDIG 12.8676 0.1902 0.2178
BMM 1.1594 0.1650 0.1855

50 CondMDIG 12.5095 0.1859 0.2185
BMM 1.1612 0.1632 0.1842

100 CondMDIG 12.5071 0.1846 0.2193
BMM 1.1642 0.1619 0.1839
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Figure 12: Comparison of FID for di�erent number of infer-
ence steps for both BMM and CondMDIG.

Table 7: Comparison of model sizes and computation times.

Model Parameters Epoch time Inference time

CondMDIG 224.6 m ⇠ 81 min 0.64 ± 0.03 s @ 25 steps
BMM 17.4 m ⇠ 19 min 0.08 ± 0.01 s @ 10 steps

of metrics in Table 6 and visualize FID in Figure 12. We observe
that our BMM can operate well with as little as ten di�usion steps,
whereas for CondMDIG, at least 25 steps are required. Since infer-
ence time scales linearly with the number of di�usion steps, we
tried to minimize this to ensure a faster and more interactive system.
All reported metrics in Section 5.4 use this setting.

D.6 Computation Time Comparison
For an interactive system, it is crucial that the model can run fast
enough. In Table 7, we report the model size and inference time
for BMM and the CondMDIG baseline. Epoch is the time during
training a full epoch on AMASS. Inference time is the forward pass
for a single motion that needs to be evaluated in the interactive
demo. These numbers are recorded for an Intel i7-6700k CPU and
Nvidia RTX 3090 GPU.

Due to the smaller representation space and the faster conver-
gence during inference (see Figure 12), BMM can run signi�cantly
faster. This allows building the interactive setting, which we show-
case in our supplementary video.

Besides the model evaluation, there is also a signi�cant overhead
in the demo due to the visualization of the curves and the Blender
plugin, which is not yet optimized for speed. Thus this also accounts
for some of the reduced frame rate during the recorded interactions.
While the performance of the model is still away from seamless
real-time rates, it does allow for a usable interactive experience.
With the rapid improvements of di�usion models and inference
schemes, we expect that the gap to real-time rates can be closed in
the near future.

E FAILURE CASES
As for any data-driven model, very rare samples or out-of-distribution
samples are harder to learn and hence lead to bad performance. As
shown in the supplementary video, this can be the case when the
start or end pose are very rare poses, such as the midway point of
a somersault. In that case, the body is upside down and crouched
together such that even the pose model struggles to create a nice-
looking pose. The motion model struggles even more to create
natural looking Bézier curves and even for 50% of additional con-
straints, sampled from ground truth, the motion exhibits artifacts.
For such extreme motion, additional text conditions may also help
to improve the model.

Other cases, where BMM struggles (in a less pronounced way)
are the turning points in fast locomotion situations, where the root
needs to turn by 180 degrees.
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For further comparison, we evaluated our BMM and CondMDIG
on varying numbers of di�usion steps. We report a reduced set
of metrics in Table 6 and visualize FID in Figure 12. We observe
that our BMM can operate well with as little as ten di�usion steps,
whereas for CondMDIG, at least 25 steps are required. Since infer-
ence time scales linearly with the number of di�usion steps, we
tried to minimize this to ensure a faster and more interactive system.
All reported metrics in Section 5.4 use this setting.
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for some of the reduced frame rate during the recorded interactions.
While the performance of the model is still away from seamless
real-time rates, it does allow for a usable interactive experience.
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schemes, we expect that the gap to real-time rates can be closed in
the near future.
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As for any data-driven model, very rare samples or out-of-distribution
samples are harder to learn and hence lead to bad performance. As
shown in the supplementary video, this can be the case when the
start or end pose are very rare poses, such as the midway point of
a somersault. In that case, the body is upside down and crouched
together such that even the pose model struggles to create a nice-
looking pose. The motion model struggles even more to create
natural looking Bézier curves and even for 50% of additional con-
straints, sampled from ground truth, the motion exhibits artifacts.
For such extreme motion, additional text conditions may also help
to improve the model.

Other cases, where BMM struggles (in a less pronounced way)
are the turning points in fast locomotion situations, where the root
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