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Figure 1: Example of a generated motion sample with our Implicit Bézier Motion Model. The model predicts Bézier control
points (cyan) at arbitrary user defined frames and additionally allows for precise spatial control (purple). The model offers a
novel input condition to shape the temporal profile of easing-in/out of the motion.

ABSTRACT
Creating high-quality character animation remains an intricate and
cumbersome process that requires skill, training, and craftsman-
ship to master. Recently, diffusion models have unlocked the ability
to generate diverse movements from high-level condition signals
such as text. For artist-friendly control, motion diffusion leveraging
Bézier curves have been shown to allow precise joint-level con-
ditioning. Yet, these works have been limited to joints at a fixed
∗Equal contribution

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
MIG ’25, December 3–5, 2025, Zurich, Switzerland
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2236-3/2025/12
https://doi.org/10.1145/3769047.3769052

temporal stride, while animators require more temporal flexibility
when keyframing or manipulating tangents to achieve animation
principles such as easing in & out. In this work, we introduce a
new Implicit Bézier Motion Model (IBMM), which during training
is exposed to all possible configurations of control points, enabling
control at arbitrary timings. This allows both precise and sparse
joint-level control, anywhere in time and for any joint. In addition,
we introduce a new quantitative measure of ease-in and -out, which
leads to a novel condition over the motion generation process to
reflect this artistic principle.
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1 INTRODUCTION
Animating 3D characters remains a challenging and time-consuming
task. Traditional tools such as control rigs and inverse kinematics
(IK), along with their modern learned counterparts [Agrawal et al.
2023; Oreshkin et al. 2022], can accelerate the posing of individual
frames. However, crafting compelling and coherent motion remains
a significant manual effort, requiring hundreds of keyframes for a
few seconds of animation.

Recently, generative motion models have shown remarkable
progress [Cohan et al. 2024; Guo et al. 2024] in facilitating anima-
tion tasks. These models can generate high-quality human move-
ments from text [Meng et al. 2025] or music [Zhang et al. 2025],
they can be leveraged to improve motion capture [Li et al. 2025;
Mu et al. 2025], or help in traditional animation tasks such as in-
betweenning [Cohan et al. 2024; Goel et al. 2025]. However, while
they excel at producing plausible motion priors, they often lack
the fine-grained and interactive control necessary for professional
animation workflows.

Even though motion is a dense sequence of 3D transforms for
every single joint, artists generally control a much smaller set of
control handles. At a joint level, this is achieved by control rigs that
control multiple joints, e.g. via IK. At a temporal level, artists rely
on concepts of keyframes which are interpolated by parametric
curves to craft a motion. These concepts of sparse representations
have recently been introduced within a generative motion setting
to improve the quality [Bae et al. 2025; Hwang et al. 2025], and the
controllability [Studer et al. 2024] of the generated motion.

In particular, Bézier Motion Model (BMM) [Studer et al. 2024]
offers precise joint-level control by working in a spatially and tem-
porally sparse representation of artist-friendly Bézier curves. While
offering precise spatial control, BMM is limited to predict a fixed
set of control points at uniform time intervals. This prevents artists
from fine-grained temporal control, such as moving control points
in time or adding control points in regions that would require more
detail.

In this paper, we introduce an Implicit Bézier Motion Model
(IBMM), a novel framework designed specifically to overcome this
critical limitation of a predefined temporal stride. IBMM implicitly
learns a Bézier fit during training for arbitrary temporal control
points, removing the need for a pre-fitting of the data. Therefore,
IBMM allows artists to both precisely control any part of the curve,
as well as sparse-level authoring. In addition to the new training
methodology, we revised the transformer-based architecture to
further increase the accuracy of constraints. Lastly, we introduce a
novel stylistic parameter—inspired by existing artistic concepts—
that captures at a high level, the global motion dynamics. Artists can

then leverage this control to ease-in and ease-out of the generated
motion.

By providing more flexible and precise control, IBMM offers a
more powerful and intuitive tool for animators bridging the gap
between generative power and artistic control. We evaluate our
model for the use case of inbetweening to compare it to the work
of [Studer et al. 2024].

2 RELATEDWORKS
Synthesis of character motion in traditional motion authoring soft-
ware such as Maya [Autodesk Inc. 2025] and Blender [Blender
Online Community 2025] has been limited to keyframing rig pa-
rameters and traditional interpolation. [Ciccone et al. 2019] built
an optimization-based keyframing system to accelerate this pro-
cess. More recently, research has moved to more sophisticated
data-driven generative models.

Early data-driven approaches such as [Harvey et al. 2020; Tang
et al. 2022] employed auto-regressive methods to predict dense
motion given current state and a singular target frame. [Qin et al.
2022] used a two-stage transformer approach in which the first
stage predicts a noisy approximation of the motion that is refined
by the second stage. More recently, [Akhoundi et al. 2025] show
that a simple method with a single transformer predicting in a
root-local space can match or outperform more elaborate methods.
[Agrawal et al. 2024] use a skeletal transformer to model skeletal
and temporal dependencies in motion. They require a single context
frame and allow joint-level sparse constraints, which they use to
build a neural motion rig enabling iterative motion authoring.

Although these models made remarkable early progress, they
struggle in training on larger datasets and generating high-frequency
details because of averaging artifacts common in deterministic ap-
proaches. To combat this phenomenon, generative models, both
diffusion-based [Ho et al. 2020] and VQ-based [Guo et al. 2024; Shi
et al. 2025], have been widely adopted for motion generation at
scale. Early works such as [Dabral et al. 2023; Tevet et al. 2023;
Tseng et al. 2023] trained denoising diffusion models to generate
motion from a text or music prompt. [Zhang et al. 2023a] use a
hybrid retrieval mechanism that selects unusual motions from a
large dataset and integrates them into the motion generation phase
using a semantics-modulated transformer and a condition injection
scheme. [Liao et al. 2025] allow generating motion for different
body shapes by conditioning their model with SMPL [Loper et al.
2015] shape parameters in addition to text. GenMO [Li et al. 2025]
is one of the first multi-modal diffusion models that can be condi-
tioned concurrently with text, music, keyframes, and images. [Meng
et al. 2025] train a diffusion model inspired by VQ-based models to
generate motion from long and specific text sequences.

To better incorporate motion generation into animation software,
controllable motion generation with keyframe and trajectory-based
control through ControlNet [Xie et al. 2024; Zhang et al. 2023b],
noise optimization [Karunratanakul et al. 2024] and inpainting
[Cohan et al. 2024] has been extensively explored. However, these
works struggle for very sparse control signals such as sparse joint-
level constraints. Recent works have exploited the sparsification
of the input space to solve this problem. [Bae et al. 2025] reduce
temporal resolution by analytically finding the most important
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Figure 2: Overview of the temporal token selection and sam-
pling of IBMM. A random set of temporal control points
(cyan) can be specified together with spatial constraints
(pink). IBMM denoises the input and maps it to Bézier con-
trol points (positions and tangents) at the specified temporal
indices. Finally, the dense curves are sampled to reconstruct
the full motion.

frames within a motion sequence, training a diffusion model to
generate these frames, and interpolating the remaining frames
before decoding. [Hwang et al. 2025] instead sparsify the spatial
dimension using a two-stage approach that predicts only a subset
of joints, called keyjoints, in the first stage. The second stage then
predicts full-body motion from the first stage output.

Our work is most closely related to the Bézier Motion Model
(BMM) [Studer et al. 2024], which sparsifies both temporal and spa-
tial dimensions by predicting Bézier control points at fixed uniform
intervals for the end-effector joints. A second stage recovers the
full-body-motion that can be addressed by multiple inverse kine-
matic systems [Agrawal et al. 2023; Huang et al. 2017; Oreshkin
et al. 2022; Ponton et al. 2025, 2023; Qin et al. 2022]. Although BMM
closely follows sparse constraints, the fixed timing of the Bézier
control points limits flexibility and disallows generating finer de-
tails between the Bézier points. Additionally, fitting Bézier curves
during training is extremely slow and requires pre-processing.

In this work, we address both these limitations by allowing an
arbitrary number of control points to be placed at arbitrary timings
within the motion sequence and by implicitly learning the Bézier
interpolation within the neural network.

3 METHODOLOGY
IBMM builds upon BMM [Studer et al. 2024], which factorizes mo-
tion into parametric (cubic) Bézier curves for a subset of joints that

are then mapped to a full FK skeleton via a learned IK model [Ore-
shkin et al. 2022]. But instead of a fixed stride between the Bézier
control points, our method allows any arbitrary temporal discretiza-
tion as depicted in Figure 2. Through training, IBMM then effec-
tively learns to generate controllable motion curves by predicting
a variable number of arbitrarily timed Bézier control points.

In the following, we discuss our data representation, the model
with an improved condition representation, and the novel control
mechanism over ease-in/out.

3.1 Data Representation
We define a motion sequence as [𝑥𝑖 ]𝑁1 , a series of 𝑁 poses. Each
pose, 𝑥𝑖 , encapsulates the global positions 𝑝𝑖 ∈ R3 and global
orientations 𝑟𝑖 ∈ R6 [Zhou et al. 2019] for the joints 𝐽 at the 𝑖-th
frame. For better comparison, we stick to the same subset of joints
𝐽 as BMM, which includes the hip, head, wrists, and feet joints.

IBMM takes as input a sparse subset of 𝐵 poses, whose indices
[𝜏𝑖 ]𝐵1 are sampled from uniformly sized bins in the full sequence.1
As we evaluate our model on an inbetweening task, we assume that
the boundary frames are always available. Hence, 𝜏1 and 𝜏𝐵 are
always set to 1 and 𝑁 respectively. For more details on the index
sampling, please refer to Appendix A.

The input poses [𝑥𝑡𝜏𝑖 ]
𝐵
1 are ground truth poses noised at these

indices, according to the diffusion timestep 𝑡 . Alongside these poses,
the model receives condition tokens 𝑐𝜏𝑖 , 𝑗 . Each token includes the
ground truth position 𝑝𝜏𝑖 and a one-hot encoded identifier 𝐼𝐷 𝑗 for
a specific joint 𝑗 , with further details provided in Section 3.2.

Unlike BMM, the predicted tangents are not an input to our
model, removing the necessity of a slow fit of the Bézier curves for
training. Furthermore, in contrast to BMM’s approach of shifting
the start pose to the origin, we align motion sequences by centering
them, orienting them forward, followed by a final normalization.
This improved alignment simplifies the task and improves over-
all generation quality. For further details on pre-processing, see
Section 4.1.

The model output [𝑦𝜏𝑖 ]𝐵1 consists of predicted positions 𝑝𝜏𝑖 , ori-
entations 𝑟𝜏𝑖 , and tangents 𝑣𝜏𝑖 for each of the 𝐵 input frames. Sub-
sequently, the complete dense motion sequence [𝑥𝑖 ]𝑁1 is recon-
structed by interpolating the sparse outputs using cubic Bézier
sampling.

The final mapping from the predicted subset skeleton 𝐽 to the
full FK skeleton is performed with a learned IK model [Oreshkin
et al. 2022] as in BMM.

3.2 Model Architecture
An overview of the model architecture can be seen in Figure 3.
IBMM leverages a transformer encoder as the backbone architec-
ture for the diffusion model. The input sequence consists of one
token encoding the noise level, the 𝐵 Bézier pose tokens, 𝑘 con-
dition tokens, and two ease-in/out tokens (elaborated further in
Section 3.3). The Bézier pose tokens are embedded with a linear
layer, while the noise level token goes through an MLP. The tempo-
ral information is then added to the feature vector with sinusoidal
positional encoding (PE).

1The binning helps to space out the control points to prevent sampling in just one
region.
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Figure 3: Overview of the IBMM model architecture. The
transformer encoder gets noisy frame-wise information as
input. In addition, positional condition tokens are provided
to make the prediction controllable. Note that the notation 𝑐

of a condition is an abbreviation for 𝑝𝜏𝑖 , 𝑗 . Lastly, the condition
tokens for controlling the ease-in/out are added.

To create the condition token 𝑐𝜏𝑖 , 𝑗 , both 𝑝𝜏𝑖 , 𝑗 , and 𝐼𝐷 𝑗 are em-
bedded using their own separate linear layers. The PE of 𝜏𝑖 is added
only to the embedded 𝐼𝐷 𝑗 and the two embeddings are concate-
nated. This ensures that spatial information 𝑝𝜏𝑖 , 𝑗 is separated from
the structural and relational information of the tokens. This enables
the transformer to focus more on the relations between the pose
and condition tokens, while still having the full unperturbed infor-
mation of the 3D positions. The difference between our condition
token creation and the one used in BMM can be seen in Figure 4.

Linear Linear

Joint ID Joint Position

Condition Token

+

+

(a) BMM

Linear Linear

Joint ID Joint Position

Condition Token

Concat

+

(b) IBMM

Figure 4: Comparison of the condition token creation be-
tween BMM and IBMM. (a) BMM condition token creation,
and (b) our condition token creation. Note that in our con-
dition tokens, the positional encoding is only added to the
joint IDs.

3.3 Ease-In/Out Control
When crafting animations, artists also apply principles that go be-
yond precise spatial control. One such concept is the ease-in or
ease-out of a motion. In an eased-in motion, the character move-
ments starts slowly and then gradually accelerates towards the end

(a) ease-out (b) ease-in

Figure 5: Illustration of an ease-in/out concept. (a) shows
ease-out of a motion with the COM slowing at the end of the
sequence. (b) shows ease-in to a motion with a slow initial
velocity and then accelerating.

of the sequence. Ease-out is the inverse, with the character slowing
down towards the end of the motion.

In this section, we introduce a new control handle that allows
the animators to control the desired ease-in and ease-out of the
generated motions. Compared to text-to-motion models [Meng et al.
2025] which can provide a rough control over timing with “slow” or
“fast” labels, our control signal is inherently continuous, allowing
for a more fine-grained control.

We start with the observation that the ease-in/out of a movement
can be measured by studying the trajectory of the character’s center
of mass (COM). In Figure 5, we plot the ratio of the current distance
traveled by the COM to the total distance over time. For Figure 5a,
we see that the ground truth trajectory travels a large percentage
of the path at the start and slows down towards the end. This is
identical to the behavior of an ease-out animation. Inversely, in
Figure 5b, the character starts out slow and accelerates towards the
end of the motion–depicting an ease-in motion.

To introduce this concept into our model, we add two new to-
kens, 𝐸𝑖 and 𝐸𝑜 , to the input sequence of the transformer. They
measure the total distance between the ground truth trajectory
and a constant velocity motion for the start [𝑥𝑖 ]𝑖<𝑘 and the end
[𝑥𝑖 ]𝑖≥𝑁−𝑘 of the motion. This can be formulated as follows.

𝐸𝑖 =

𝑘−1∑︁
𝑛=0

𝑝𝑛 −
(
𝑝0 +

𝑛

𝑘

(
𝑝𝑘−1 − 𝑝0

) )
(1)

𝐸𝑜 =

𝑁∑︁
𝑛=𝑘

𝑝𝑛 −
(
𝑝𝑘 + 𝑛 − 𝑘

𝑁 − 𝑘

(
𝑝𝑁 − 𝑝𝑘

) )
, (2)

where 𝑝𝑛 is the mean of all 𝐽 joints at frame 𝑛. In this work, we use
𝑘 = 𝑁

2 for simplicity. By calculating 𝐸𝑖 and 𝐸𝑜 separately, we can
control both ease-in and ease-out for a single animation sequence.

These tokens are then embedded via anMLP and appended to the
input sequence beside [𝑥𝑡𝜏𝑖 ]

𝐵
1 and 𝑐𝜏𝑖 , 𝑗 . Lastly, we add an attention

mask so that the input tokens only attend to one of 𝐸𝑖 and 𝐸𝑜 ,
according to their frame index.

3.4 Loss Functions
For training our model, we use the same loss configurations as
in BMM. This entails MSE losses for the predicted 3D trajectories
[𝑝𝑖 ]𝑁1 and orientations [𝑟𝑖 ]𝑁1 against ground truth values [𝑝𝑖 ]𝑁1
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and [𝑟𝑖 ]𝑁1 , respectively. There are further MSE losses between the
3D conditions [𝑐𝜏𝑖 , 𝑗 ]𝐵1 and the corresponding predicted positions
[𝑝𝜏𝑖 , 𝑗 ]𝐵1 , and dense 3D velocities calculated via finite differences.
Additionally, we also adopt the same foot sliding and foot contact
losses. For further details, we refer to [Studer et al. 2024].

However, as the data is not pre-fit to a specific configuration of
Bézier control points, we do not require direct losses on the Bézier
positions, L𝑏 , and tangents, L𝑡 , used in the original BMM work.
Thus, in our case, the fitting to the Bézier control points is implicitly
done via the dense losses on the trajectories during training.

4 EVALUATION
Our evaluation is conducted on the LaFAN1 dataset [Harvey et al.
2020], a widely recognized locomotion dataset. Given this dataset’s
nature and the focus on artist-controllable motion generation, we
measure foot sliding and handle accuracy tomeasuremotion quality
and generalization to artist inputs, respectively. For more details
on the metrics used, refer to Appendix E.

Building directly upon BMM, we quantitatively and qualitatively
compare the benefits of our randomized token selection to their
uniformly spaced tokens, and our motion generation performance
against theirs. We evaluate the effectiveness of the ease-in/out
handle in changing the overall timing of the motion. Finally, we
show in the supplementary video instances of how IBMM is used
to create and control motion.

4.1 Dataset and Implementation Details
We use the LaFAN1 dataset [Harvey et al. 2020] to evaluate our
model and compare it to BMM. It contains motion capture data
recorded on five subjects and is approximately 4.6 hours long. The
motions include walking, running, climbing obstacles, jumping,
dancing, and many more.

Each clip is individually projected to the ground plane by sub-
tracting the minimum height of the clip from all positions. The clips
are split into overlapping segments of 30 or 90 frames, depending
on the sequence length for which the model is to be trained. Addi-
tionally, the data is aligned based on the boundary frames in the
following way. First, each segment is rotated around the vertical
axis such that the ground projected direction from start to end pose
aligns with the positive Y-axis. Second, the motion is now shifted
along the Y-axis such that the middle is located at the origin. Finally,
we use Z-score normalization to set mean to 0 and variance to 1
over the training data.

The training data includes all clips from subjects one to four,
while the validation data consists of all clips from subject five. We
trained two model versions for 230 epochs (~64 hours) on an Nvidia
RTX3090.

• The first, a 30-frame model, uniformly samples 4 to 12
Bézier poses and is conditioned on 0 to 6 intermediate joint-
wise constraints per segment.

• The second, a 90-frame model, uniformly samples 10 to
24 Bézier poses and is conditioned on 0 to 13 intermediate
joint-wise constraints per segment.

The network hyper-parameters are kept the same as for BMM. The
only exception is the latent size, which we increased from 512 to
1024.

0 1 2 3 4 5 6
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(a) BMM
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Figure 6: Ratio of the distance between two control points
for an additional control point that is temporally shifted
between them. The results show the average and standard
deviation over 1000 different samples. (a) BMM reflects a
step-like function, indicating that time is mapped to discrete
values. On the contrary, (b) IBMM has a continuous linear
profile allowing for more detailed control over the time axis.

4.2 Quantitative Evaluation
4.2.1 Varying time indices. BMM is trained using Bézier curves
where the control points are placed at a fixed stride of six frames.
Consequently, during its training phase, the transformer-based ar-
chitecture is only exposed to temporal information at these discrete
six-frame intervals. However, a fundamental characteristic of trans-
former models is their token-based processing, which allows for
variations in the number of inputs, and thereby, the number of con-
trol points. Additionally, the temporal information of the control
points is represented by positional encoding, which is a continuous
function. Thus, one could in principle also vary the time index in a
continuous manner to shift the timing of a control point.

To test the model’s ability to interpret unseen, continuous time
values, we take a sequence of Bézier control points generated by
BMM and introduce an additional control point 𝑝𝑛𝑒𝑤 . The timing
of this new point is moved linearly from the time of the third
original control point (𝑝3) to the fourth (𝑝4). For each incremental
step, corresponding to a single frame’s duration, we calculate the
normalized distance 𝑑 (𝑝𝑛𝑒𝑤) on its way from 𝑝3 to 𝑝4. We define
this distance as the ratio of the distance between 𝑝3 and 𝑝𝑛𝑒𝑤 to
the total distance from 𝑝3 through 𝑝𝑛𝑒𝑤 to 𝑝4:

𝑑 (𝑝𝑛𝑒𝑤) =
∥𝑝3 − 𝑝𝑛𝑒𝑤 ∥

∥𝑝3 − 𝑝𝑛𝑒𝑤 ∥ + ∥𝑝4 − 𝑝𝑛𝑒𝑤 ∥ (3)

An ideal model, capable of continuous-time understanding, would
move this point smoothly and linearly along the already predicted
trajectory.

As illustrated in Figure 6a, BMM does not generalize to interme-
diate timings. The plot of the normalized distance does not increase
linearly, but instead has the characteristics of a step-wise function.
This result indicates that BMM has not learned a continuous repre-
sentation of time but rather the fixed discrete time to which it was
exposed during training. Thus, any intermediate control point is
effectively mapped to its closest timing at the fixed stride, prevent-
ing the introduction of additional control points without causing
severe artifacts in the motion. While changing the timing of the
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Table 1: Handle accuracy evaluated on BMM and different
versions of IBMM. The handle accuracy is measured over the
full validation dataset with 10% intermediate handles.

Model Handle. Acc. (cm)↓
BMM 2.563
BMM+1024 dim 1.409
IBMM 0.389
IBMM 0.418 (Random)

IBMM-token, -align 1.326
IBMM-align 0.639
IBMM-token 0.690

control points is still possible, the effects are, due to the non-linear
behavior, hard to control and not artist friendly.

In contrast, the results for IBMM, shown in Figure 6b, demon-
strate that the model generalizes to continuous timings. When sub-
jected to the identical experimental setup, the normalized distance
of the interpolated control point increases linearly. This smooth,
linear progression confirms that IBMM has successfully learned a
continuous representation of time. For more qualitative comparison
of this behavior we refer to the supplementary video.

4.2.2 Handle accuracy. Accurately satisfying conditions is essen-
tial for artistic control. To evaluate our model’s performance at
meeting these conditions, we measure handle accuracy and com-
pare it to BMM.

Since BMM only allows for sparse conditions to be set at a fixed
stride, we evaluate IBMM on the same fixed stride, even though it
was trained with sparse conditions on random frames.

The results in Table 1 confirm that IBMM outperforms BMM
significantly in accurately hitting sparse conditions. Also, when
sampling sparse constraints at random frames (Random), IBMM
shows a substantial improvement, demonstrating that our model
also generalizes to this setting. Since IBMM uses an increased latent
dimension compared to BMM, we also provide handle accuracy
for BMM with the same increased latent dimension BMM+1024 dim.
IBMM-token, -align, which uses BMM’s condition tokens and align-
ment, achieves handle accuracy similar to that of BMM+1024 dim,
indicating that fitting the Bézier curves implicitly has no negative
effect on performance. Evaluating IBMM-align and IBMM-token that
leave out one of the two added components respectively shows that
the new condition tokens and alignment both have a positive effect
on the handle accuracy, with their combination leading to the best
IBMM version.

4.2.3 Foot sliding. Minimizing foot sliding is crucial for generating
physically plausible and realistic character animations. We evaluate
our model’s performance on foot sliding using our own metric
designed for locomotion in particular that we call Foot Sliding
Ratio Locomotion (FSRL). The metric is explained in more detail in
Appendix E.

We conduct evaluations at strides of 𝑠 = 6 and 𝑠 = 2 on walking
and running clips. A stride of 6 was proposed in the original BMM,
while a smaller stride of 2 is expected to yield better performance,

Table 2: Foot Sliding Ratio Locomotion measured on BMM
and IBMM for different strides 𝑠 on walking and running
data. BMM is trained on different strides 𝑠, while for IBMM, 𝑠
indicates the stride only for the evaluation. While the height
threshold is fixed to 1.5 cm for walking and running, the
lower and upper velocity threshold is provided in the table
as 𝑣𝑙𝑜𝑤𝑒𝑟 < 𝑣 < 𝑣𝑢𝑝𝑝𝑒𝑟 , where 𝑣 is the foot velocity in cm per
frame.

FSRL ↓ Stride 6 Stride 2 GT
BMM IBMM BMM IBMM

Walk (0.75 < 𝑣 < 1.4) 0.074 0.038 0.047 0.037 0.040
Run (2.2 < 𝑣 < 4) 0.052 0.044 0.043 0.023 0.043

(a) ease-in (b) ease-out

Figure 7: Influence of the ease-in/out control for the gener-
ated motion samples. The samples indicate a linear relation-
ship showing that IBMM has faithfully learned to follow the
condition.

as a denser set of control points allows the Bézier curve to more
accurately approximate the ground truth foot trajectory.

The results in Table 2 confirm that IBMM consistently outper-
forms BMM, with IBMM with stride 2 achieving the best FSRL for
walking and running. Both BMM and IBMM improve when going
from stride 6 to stride 2. This further corroborates that a higher
temporal resolution is beneficial for ground contacts. However, the
arbitrary timing nature of IBMM allows users to increase the tem-
poral resolution at frames near ground contact and maintain sparse
resolution for further away frames, benefiting both from reduced
foot sliding and controllable generation.

For both strides, IBMM has fewer frames classified as sliding
compared to the ground truth motion. We expect that this is due
to the foot sliding losses used during training that incentivize the
model to learn better ground contact than simple reconstruction.

4.2.4 Ease-in/out control. In Figure 7, we vary 𝐸𝑖 and 𝐸𝑜 by a
multiplier in the range [−2, 2] from the ground truth. We plot the
input ease-in/out value against the generated value. The orange
lines in each plot represent perfectly generated motion with the
specified amount of ease-in/out. We see that the generated ease-
in/out follows this line closely for the entire range.
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4.3 Qualitative Evaluation
We present evaluating our model on test clips from LaFAN1 and
AMASS [Mahmood et al. 2019] datasets in our supporting video. In
the following sections, we discuss the effects of our improvements
on usability over [Studer et al. 2024].

4.3.1 Better constraints hitting. Figure 8 visually shows the im-
provement in handle accuracy. While BMM does not hit the con-
straints accurately, it is visible that IBMM manages to hit them
much better. Note that no overwriting is used in this case, which
would lead to perfectly hitting the conditions. However, simple
overwriting does not take joint correlations into account and can
lead to artifacts that are further elaborated in Appendix F.

(a) BMM (b) IBMM

Figure 8: Qualitative comparison of the handle accuracy be-
tween BMM and IBMM. (a) shows the distance between the
predictions and conditions (purple spheres) for BMM, while
(b) shows that the predictions of IBMM are much closer to
the conditions.

4.3.2 Different amounts of evenly spaced Bézier poses. Figure 9
shows the possibility of using various numbers of Bézier poses
evenly sampled along the 30 frames of the predicted motion. As
can be seen, having only two Bézier poses at the start and end
frames results in near-linear interpolation. When adding more
Bézier poses, IBMM starts to predict reasonable walking motions. It
can be seen that the influence of additional Bézier poses decreases
as their total number increases, effectively converging to a dense
curve. Interestingly, this behavior resembles how a curve is fitted
by Bézier curves at different levels of granularity.

4.3.3 Dense and sparse conditions. In addition to the possibility
of different amounts of evenly spaced Bézier poses, the model also
allows for dense and sparse conditioning at the same time. Figure 10
shows an example where dense conditions on the hip trajectory
are used at the beginning of the motion, whereas towards the end,
sparse conditions are defined on the trajectory of the right hand. As
shown in the supplementary video, this flexibility is in particular
helpful to better add detail in some parts of the motion, like creating
steady steps over objects.

2 Bézier Poses 4 Bézier Poses

6 Bézier Poses 10 Bézier Poses

20 Bézier Poses 30 Bézier Poses

Figure 9: Illustration of sampling different numbers of evenly
spaced Bézier poses with IBMM.

Figure 10: Illustration of dense and sparse conditioning of
the Bézier poses. IBMM allows to create dense conditions on
the hip in the beginning of the motion, while having sparse
conditions on the right hand towards the end of the motion.

4.3.4 Ease-in/out control. We evaluate ease control for IBMM in
Figure 11. The blue and red silhouettes show every fourth frame at
the start and end of the motion sequence, respectively. In Figure 11a,
one can see the motion generated by the model when both 𝐸𝑖 and
𝐸𝑜 are set to 0. Since the silhouettes are evenly spaced out, the
character is moving at constant speed throughout the motion.

In contrast, in Figure 11b, one can observe that the starting
frames, in blue, are closer together, showing that the character
starts slowly and then accelerates. Lastly, the character slows down
into the target keyframe in Figure 11c—depicting ease-out motion.
Due to the continuous nature of this condition, the user can have a
wide spectrum of possible motion profiles. For more examples, we
refer to the supplementary video.

4.4 Animation Example with IBMM
In the supplementary video, we present an animation example that
shows our model’s capabilities. The entire animation was created
within a custom user interface in Blender, which enables the user
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(a) uniform

(b) ease-in

(c) ease-out

Figure 11: Comparison of different values for 𝐸𝑖 and 𝐸𝑜 : (a)
Uniform motion with 𝐸𝑖 = 0 and 𝐸𝑜 = 0, (b) Ease-in motion
with negative 𝐸𝑖 , (c) Ease-out motion with positive 𝐸𝑜 .

to control the generation process by adding constraints, choosing
the number of Bézier controls, moving control points, sampling dif-
ferent motions, and adjusting the ease-in/out of a predicted motion.

The creation of the animation involved threemain steps. First, we
define a sparse set of keyposes to outline the desiredmotion in space
and in time (90 frames apart). Next, these keyposes are automatically
interpolated using IBMM to generate a smooth, continuous motion
sequence. Finally, we refine the animation by adding and editing
constraints to specific body parts to achieve the intended behavior
with the objects in the scene.

This process allows for intuitive editing. When jumping or run-
ning over obstacles, like the car or the bricks, it is sufficient to
adapt a few generated steps to the correct height and location of
the feet placements. Changing the direction of the motion can be
best manipulated with moving the hip trajectory and adjusting
the foot placement if needed. For jumping off the stack of bricks,
the model initially predicted a stair-walking motion as shown in
Figure 12a. To create the jump, we added positional constraints on
the hip and feet and tweaked their positions and timings such that
the model knew when and where the takeoff and landing should
be. In addition, we added one positional constraint on the hand to
make the motion more dynamic in mid air.

(a) without edits (b) with edits

Figure 12: Example of editing an animation with IBMM. (a)
shows the model’s initial prediction and (b) the final edited
animation.

To create the animation of sitting down on the bench, we added
multiple foot constraints and locked them to the same position to
eliminate foot sliding that occurred during the initial prediction.
A constraint on the right hand was used to steer the timing of the
character’s turn before sitting down. Note that the training dataset
did not contain any sitting motions.

For the transition between keyposes, the model automatically
creates dynamics that match the keypose. For example, when tran-
sitioning from a static standing pose to a running pose, the model
generates a natural acceleration, with the character’s speed increas-
ing as it approaches the final running pose, while transitioning
from a walking to a running motion. To further push the dynamics
between the transitions, we relied on the ease-in/out mechanism
of our model.

For details on how the stochastic nature of the diffusion model
can be used, we refer to Appendix G.

5 DISCUSSION
Our work builds on a new insight in motion diffusion [Bae et al.
2025; Hwang et al. 2025; Studer et al. 2024], that sparsifying the in-
put signal improvesmotion generation, and in the case of BMM [Studer
et al. 2024] enables more precise spatial control.

However, BMM constrained artists to control poses only at fixed
Bézier timing intervals–thereby limiting the type of animations
that could be created. In this work, we removed this constraint
by introducing an implicit BMM (i.e. IBMM) that works on an
arbitrary number of control points at arbitrary timings. This not
only increases the space of animations artists can create, but also
allows additional control via the timing of the Bézier control points.
Since control points can be at arbitrary timings, an artist can move
one in the past or future and receive visual feedback from the
generated motion, as shown in our supporting video. This further
allows the artist to refine their animations and facilitates iterative
workflows.

We further showed that an improved architecture and alignment
of the data has large effects on motion fidelity and improves spatial
control. Additionally, inspired by traditional animation principles,
we also introduced a novel control mechanism over the ease-in
and ease-out of motion. We showed that we could mathematically
capture this principle and train a diffusion model to learn it directly
from data, without the need for manual labeling. The trained model
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then follows this condition and even extrapolates to ease-in/out
levels not present in the original dataset.

When training BMM, previous work [Studer et al. 2024] stated
that while losses on the sparse Bézier points and tangents were
important, they needed dense trajectory losses to reach the best
motion fidelity. In our work, we demonstrate that these dense losses
are not only auxiliary losses but sufficient to learn a Bézier fit of
the data implicitly during training. Thereby, our simpler training
setup eliminates the need for (online) Bézier fitting for the sampled
control points, which would otherwise make training substantially
slower.

As we build on BMM, we inherit many of its advantages. This in-
cludes being skeleton-agnostic and being able to work with smaller
datasets. However, we also inherit some of its limitations. In par-
ticular, we do not address the IK module stage. Hence, artists can
still only control the joints in 𝐽 , and the frame-based IK module
might not always be temporally smooth. Additionally, since the
input to the model consists of pose tokens, we are currently con-
strained to having the same Bézier timings for all of the 𝐽 joints.
In comparison, in some artists’ workflow keying happens at the
joint level or for individual rig-controls and not for the full pose.
An extension enabling this would be to switch to tokens at the joint
level with independently sampled Bézier timings. However, in our
experience, this goes against the sparsity motivation and reduces
the controllability of the model.

Further possible extensions to our work include the introduction
of other conditioning signals, such as text or audio descriptions, for
more high-level control. As we focused on motion inbetweening,
we assumed that the boundary frames are always provided. For a
more generalized motion model that can be used for other tasks
than inbetweening, this assumption should be relaxed.

6 CONCLUSION
In this work, we introduced the Implicit Bézier Motion Model
(IBMM) that provides fine-grained spatial and temporal control
over generated movements. We overcame a core limitation of the
previous Bézier Motion Model (BMM) which is the fixed temporal
stride of control points. IBMM eliminates the concept of stride alto-
gether and enables artists to constrain any end-effector joint at any
frame in time.

We also introduced a new global control to users: a direct handle
for the global ease-in and ease-out of the motion. To our knowledge,
this is the first global control over timing–while generating natural
motion–without recourse to human labeling.

By improving controllability of generative motion models and
bringing them closer to artists’ workflows, we believe that this type
of neural motion authoring can more easily be adopted for content
creation in the professional creative industry and also enables more
inexperienced users to engage with animation. We also hope that
our work inspires future research in defining and measuring ani-
mation principles, such as anticipation or squash/stretch, that can
be used as high-level controls that go beyond ease-in and ease-out.
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A SAMPLING STRATEGY
To sample the indices during training so that the model can learn
all the different combinations of Bézier poses in different frames,
we use a sampling strategy that we call random bins. This sampling
strategy chooses a random number of bins for each batch. The
segments are then divided into those bins, and in each bin, exactly
one index is randomly sampled. A visual example can be seen in
Figure 13. This sampling strategy ensures a fairly even distribution
of indices along the segments, while still including enough ran-
domness to allow the model to generalize to all input combinations.
The interval that decides the number of bins should be chosen rea-
sonably, since too few or too many bins can cause wasted training
time or make it more difficult for the model to converge.

Start Pose End PoseRandomly sampled intermediate Bézier pose

(A)

(B)

(C)

Figure 13: Explanation of the sampling strategy for control
points. A random number of bins is chosen and in every bin
exactly one random frame is selected to be an input pose.
(A), (B), and (C) are examples of possible samples. Red points
indicate that a pose is predicted in this frame. Note that in
the start and end frame the pose is always predicted.

B IMPORTANCE OF ALIGNING AND
NORMALIZING THE DATA

When training our model for 90 frames, with the alignment strategy
as for BMM, we observed a strong temporal bias in the generated
motion. The predictions are densely clustered at the beginning of
the motion sequence and become progressively sparser towards the
end. This behavior can be seen in Figure 14a showing the average
velocity of each frame measured on approximately 7000 running
samples. The predicted motions start with a low initial velocity
that accelerates to a high final velocity. The reason for this is that
in the data preprocessing of BMM the start pose of each motion
gets shifted to the origin. Since the predicted motion is in a global
space, we hypothesize that it is easier for the denoiser to map the
zero-centered gaussian noise to poses around the origin since it
does not need to account for the additional shift in global position.
Additionally, poses close to the origin are also more frequent com-
pared to poses further away. We believe these imbalances lead to
the bias towards predicting poses close to the origin.

Our proposed alignment simplifies the problem of mapping the
original noise vector to the final motion. Rotating every clip to align
on the same axis and shifting the middle of the clip to the origin
yields a significant improvement as can be seen in Figure 14b. The
bias decreases and is shifted towards the middle of the predicted
motion, since it now acts as the origin. Adding normalization on
top, then fully removes the bias as can be seen in Figure 14c.

(a) (b) (c)

Figure 14: Comparison of average velocities of each frame
over ~7k running samples. (a) IBMM without alignment and
without normalization, (b) IBMM with alignment, and (c)
IBMM with alignment and normalization.

C DIFFERENT ARCHITECTURE DESIGNS
IBMM

Dense version of IBMM. One drawback of the current design
choice of IBMM is that during inference, the predicted tangents
are never reintroduced in the diffusion process and only used from
the final inference step. Thus, the tangents predictions are not
really produced via a diffusion denoising process but rather a direct
regression that is conditioned on the denoised poses.

In order to reintroduce the tangents into the denoising process,
the tangents would need to be represented as an input to the net-
work. For BMM, this was possible due to the pre-fitting of the data,
which does not exist in our case. However, there is also a way to
implicitly add the information from the tangents back to the input
via sampling the Bézier curves. In this case, the input to the net-
work would be the dense motion that can be easily noised from
ground truth data for training, and sampled from the predictions
during inference. Hence, we refer to this design as the dense IBMM.
Lastly, we add an additional flag to the input to indicate at which
timestamps the model should predict the Bézier poses.

While this version of the network also learns to create motion,
we observed that the training is overall less stable and the final
model shows more artifacts in its generated results. Thus, we could
not justify the added complexity for the purpose of adding the
tangents back into the diffusion process. However, we imagine that
a diffusion process that includes the tangents could potentially offer
advantages over IBMM. For instance, one could directly control the
tangents via inpainting throughout the whole diffusion process.

Per-joint version of IBMM. While keyframing is a long stand-
ing animation workflow, when creating and tweaking animations
artists might set keys for individual rig controls and not for all
controls at that frame. While IBMM allows setting keyframes at
arbitrary timings, the notion of a keyframe is defined at a pose level
and not at the joint level. Hence, adding a control point for time
𝑡 for one joint would also add a prediction for all other joints at 𝑡 .
To be closer to a joint-level design, we would need to represent the
inputs to the transformer also at a joint level.

We tested this design of a per-joint version of IBMM, where the
input is not a full pose, but each joint individually, i.e. the position
and the joint ID. While the model can learn to faithfully create
motion from the training set and hit constraints very accurately,
this model suffers when users move constraints. The individual
joint trajectories become very independent and do not capture the
correlations between the joints that are needed for a faithful pose
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Figure 15: Per-frame cumulative distance traveled by COM
for different combinations of ease-in and ease-out controls
for a single motion clip.

within a frame. Additionally, the per-joint encoding leads to a much
longer input sequence length and, thereby, a slower model.

D EASE-IN/OUT
To illustrate the effect of ease-in and ease-out controls on the timing
of the motion, we plot the cumulative distance traveled as a func-
tion of the current frame for different combinations of ease-in/out
controls in Figure 15. When no ease-in/out is applied to the clip
(blue), one can observe a constant velocity throughout the motion
clip. In contrast, applying only ease-in (green), the motion starts
with a lower velocity, as the COM travels a smaller ratio of the total
distance at the start, and then accelerates to a peak velocity for the
rest of the clip. Applying only ease-out (orange) conversely results
in a constant velocity at the start but then decelerates towards the
end of the clip. The curves in red and purple show that both controls
can be applied together and can even be inverted.

E EVALUATION METRICS
E.1 Handle Accuracy
The handle accuracy measures how accurately the conditions are
hit by the predicted Bézier control points. Hitting the constraints
closely is essential for controllability. It is calculated on all joints 𝑗
of a single sample as,

HandleAcc.
(
[𝑝𝑖 ]𝑁1 , 𝐶

)
=

1
|𝐶 |

∑︁
𝑐𝜏𝑖 ,𝑗 ∈𝐶

∥(𝑝𝜏𝑖 , 𝑗 − 𝑐𝜏𝑖 , 𝑗 )∥2, (4)

where 𝐶 is the set of all conditions with 𝑐𝜏𝑖 , 𝑗 being the 3D position
for joint 𝑗 at frame 𝜏𝑖 and 𝑝𝜏𝑖 , 𝑗 being the corresponding prediction.

E.2 Foot Sliding Ratio Locomotion
A widely used metric to measure foot sliding is the Foot Sliding
Ratio (FSR) [Wu et al. 2022]. FSR measures foot sliding when both
feet are below a height threshold and above a velocity threshold.

(a) no overwrite (b) overwrite

Figure 16: Limitation of the overwriting mechanism. (a) Orig-
inal prediction of BMMwithout overwriting. (b) Overwriting
prediction of BMM with the ground truth conditions leads
to an unnatural pose at the peak of the jump.

For a locomotion dataset such as LaFAN1 [Harvey et al. 2020], this
ignores the majority of frames where only one foot is in contact
with the ground at a time. Hence, we report our own more suitable
foot sliding metric, which we call FSR Locomotion (FSRL). FSRL
is the ratio of frames where an individual foot’s height is below
a height threshold, while its planar velocity is within a specified
range, to the total number of frames where the foot’s height is
below the threshold. Compared to FSR, we introduce an upper
bound for velocity to filter out false positives in the ground truth
motion. During Locomotion, the feet can have sudden accelerations
and move fast before the onset of a step.

We empirically find that a height threshold of 1.5 cm to detect
ground contact gives a good trade-off between accounting for shoe
or joint location variation across subjects and counting too many
false positives. Using this height threshold, we measure that the
foot is on the ground for roughly 14 frames per step for walking
and 5 frames per step for running.

To define the velocity range, we statistically measure all veloci-
ties for which the foot height is below the height threshold. We then
visually determined that using the 90th and 94th percentile as the
lower and upper bound, respectively, most consistently detects foot
sliding. This resulted in the velocity window [0.75, 1.4]cm/frame
for walking and [2.2, 4]cm/frame for running. In each case, this
equates to cumulative foot sliding of [10.5, 20]cm/step.

With FSRL, we attempt to build a standardized foot sliding ratio
for easy comparisons across works. Foot sliding is one of the most
noticeable artifacts in an animation and FSRL can provide an impor-
tant measure of the quality of the generated motion, particularly
for datasets where pre-trained feature extractors are not available
to measure FID.

F ARTIFACTS AFTER OVERWRITING
To perfectly hit the constraints, [Studer et al. 2024] propose an over-
writing mechanism that replaces the positions of the control point
with its corresponding constraint position before the dense trajec-
tories are sampled. However, this overwriting only influences the
specific Bézier control point to which the condition belongs. Hence,
it has no influence on other Bézier control points belonging to the
same joint and also does not adjust the other trajectories. This can
lead to unreasonable poses if the overwritten Bézier control point
is moved too far, as shown in Figure 16. There, the corrected hip
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Figure 17: The vertical axis shows different samples for the task of animating the jump from the stack of bricks. Along the
horizontal axis more manual edits are added to the input. Note, the original edits have been created based on the first sample.

position is too close to the head position resulting in an unnatural
pose.

G INFLUENCE OF NOISE SAMPLE FOR
ANIMATION TASK

Since the training data of LaFAN1 [Harvey et al. 2020] includes not
only locomotion but also interactions with obstacles, we naturally
get interesting motion when the start or end pose are not at ground
level. For instance, when animating the stepping onto the bricks or
the jump off them, for the animation example in the supplementary
video, we observed motions such as walking up stairs, jumping, or
other motions that seem to interact with an obstacle.

In Figure 17, we show this for four distinct samples. In the un-
conditional case (first row), the model can create different motions,
such as 1) walking down stairs, 2) using the hand to safely hopping
down, 3) walking down backwards, and 4) jumping down. While
the last sample already creates a jump from the start, and is eas-
ier to shape into the desired motion, other samples require more
constraints. However, in the end all samples lead to a satisfactory
result. This shows that direct spatial control is sufficient for such
an animation task, however, finding a “good” noise vector can also
significantly help to speed up the animation process.

In our demo in Blender, the user is able to set the seed (as an
integer) of the noise sampler, thus allowing to quickly explore mul-
tiple starting points for the animation and key them to the specific
animation segment. While this search can be done interactively, a
more direct way of finding a “good” noise vector could improve the
overall user experience. Hence high level conditions such as text
or sketch could be a useful complimentary input modality to the
precise spatial control of IBMM. Exploring a multi-module system,
ways to find optimal noise vectors, and a better user interface are
interesting directions for future research.
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