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 A B S T R A C T

Creating high-quality character animation remains an intricate and cumbersome process. 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 conditioning. Yet, these works have been limited to joints at a fixed temporal stride, while animators 
require more temporal flexibility when keyframing or manipulating tangents to achieve animation principles 
such as easing in & out. In Vögeli et al. we presented a new Implicit Bézier Motion Model (IBMM), which during 
training is exposed to all possible configurations of control points, enabling control at arbitrary timings. In 
addition, we introduced 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. In this extended version (IBMM++), we 
further improve constraint accuracy, reduce foot sliding, and enable motion extension, orientation constraints, 
longer sequences, and stable iterative editing through architectural updates, a revised tangent formulation, a 
randomized constraint sampling strategy, and dedicated inference-time methods, validated on a larger internal 
dataset with more varied motions.
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 [1,2], 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 [3,4] in facilitating animation tasks. These models can gen-
erate high-quality human movements from text [5] or music [6], they 
can be leveraged to improve motion capture [7,8], or help in traditional 
animation tasks such as inbetweenning [3,9]. 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 
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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 qual-
ity [10,11], and the controllability [12] of the generated motion. In 
particular, Bézier Motion Model (BMM) [12] offers precise joint-level 
control by working in a spatially and temporally 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 Vögeli et al. [13], we presented 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 
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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.

While the preliminary version of IBMM [13] established arbitrary 
temporal control, deploying the model inside iterative artist workflows 
revealed also some practical limitations. Constraint accuracy degraded 
when many handles were specified simultaneously — for instance 
when editing or stitching mocap clips — because attention to nearby 
conditions was diluted by distant ones. The fixed sinusoidal positional 
encoding prevented the model from generating sequences longer than 
those it had seen during training, and the requirement of always condi-
tioning on the first and last frames precluded motion extension beyond 
the input boundaries. Finally, naively adding new control points to an 
already predicted curve could cause large, abrupt changes that disrupt 
iterative editing.

This extended version (IBMM++) targets each of these limitations. 
We update the transformer backbone to use a two-stage self- then 
cross-attention scheme combined with rotary positional encoding [14], 
which sharpens attention on the relevant local conditions and lets the 
model extrapolate beyond the trained sequence length. We revise the 
Bézier tangent formulation to use asymmetric in/out tangents scaled 
by the inter-control-point distance, which naturally reduces foot sliding 
when control points are close in time, such as during foot contacts. We 
replace the boundary-frame alignment with a randomized constraint 
sampling strategy that requires only two arbitrary anchor constraints, 
which enables motion extension. At inference, we leverage a top-k 
attention masking to focus the model on the most relevant nearby 
constraints when many handles are present, smooth noise modeling to 
make adding new control points a continuous editing operation, and 
cross-window blending to maintain continuity across stitched motion 
segments. We evaluate our model on inbetweening to compare against 
[12], and additionally ablate each of our architectural and inference-
time extensions against the preliminary IBMM [13]. We validate these 
improvements both quantitatively, on various metrics, and qualita-
tively, on a larger internal dataset spanning more varied motions than 
LaFAN1 [15] alone.

Our contributions in this extended version are as follows:

• An improved transformer backbone combining cross-attention 
and rotary positional encoding with an asymmetric, distance-
scaled Bézier tangent formulation, which together raise constraint 
accuracy, reduce foot sliding, and enable generation beyond the 
trained sequence length.

• A randomized constraint sampling strategy at training time that 
removes the requirement of fixed boundary frames and adds 
support for orientation constraints and motion extension.

• Inference-time mechanisms, such as top-k attention masking, 
smooth noise modeling, and cross-window blending, that scale to 
dense constraint sets, stable iterative editing, and stitched motion 
segments.

2. Related works

Synthesis of character motion in traditional motion authoring soft-
ware such as Maya [16] and Blender [17] has been limited to keyfram-
ing rig parameters and traditional interpolation. [18] built an
optimization-based keyframing system to accelerate this process. More 
recently, research has moved to more sophisticated data-driven gener-
ative models.
2 
Early data-driven approaches such as [15,19] employed auto-
regressive methods to predict dense motion given current state and 
a singular target frame. [20] 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, [21] show that 
a simple method with a single transformer predicting in a root-local 
space can match or outperform more elaborate methods. [22] 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 strug-
gle in training on larger datasets and generating high-frequency details 
because of averaging artifacts common in deterministic approaches. To 
combat this phenomenon, generative models, both diffusion-based [23] 
and VQ-based [4,24], have been widely adopted for motion genera-
tion at scale. Early works such as [25–27] trained denoising diffusion 
models to generate motion from a text or music prompt. [28] 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. 
[29] allow generating motion for different body shapes by conditioning 
their model with SMPL [30] shape parameters in addition to text. 
GenMO [8] is one of the first multi-modal diffusion models that can 
be conditioned concurrently with text, music, keyframes, and images. 
[5] 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 [31,32], noise optimization [33], and con-
ditioning [3,34] has been extensively explored. Zhao et al. [35] extend 
this line of work to a real-time, autoregressive setting that ingests 
streaming text and waypoint constraints, while Kimodo [36] scales 
the model and training data to support a broad constraint vocabulary 
spanning full-body keyframes, sparse joint positions and rotations, 2D 
waypoints, and foot contacts. 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. [10] reduce temporal resolution by analytically finding the 
most important frames within a motion sequence, training a diffusion 
model to generate these frames, and interpolating the remaining frames 
before decoding. [11] 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. AutoKeyframe [37] sparsifies in time from a 
different angle by autoregressively predicting the keyframes themselves 
from a trajectory and action label, which can then be passed to a 
subsequent in-betweening model. Closer to the in-betweening setting, 
Yun et al. [38] leverage video diffusion priors to in-between arbitrary 
characters. All of these approaches, however, assume that keyframes 
are placed at fixed or pre-specified timings. Goel et al. [9] relax this by 
predicting a time-warping function that retimes mistimed keyframes.

Our work is most closely related to the Bézier Motion Model 
(BMM) [12], which sparsifies botal and spatial dimensions by pre-
dicting 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 kinematic systems [1,2,20,39–41]. 
Although BMM closely follows sparse constraints, the fixed timing of 
the Bézier control points limits flexibility and disallows generating finer 
details 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 arbi-
trary 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.



D. Agrawal et al. Computers & Graphics 140 (2026) 104751 
Fig. 1. Overview of the temporal token selection and sampling of IBMM. A 
random set of temporal control points ( ) can be specified together with 
spatial constraints ( ). IBMM denoises the input and maps it to Bézier control 
points (positions and tangents) at the specified temporal indices. Finally, the 
dense curves are sampled to reconstruct the full motion.

3. Methodology

IBMM builds upon BMM [12], which factorizes motion into para-
metric (cubic) Bézier curves for a subset of joints that are then mapped 
to a full FK skeleton via a learned IK model [1]. But instead of a fixed 
stride between the Bézier control points, our method allows any arbi-
trary temporal discretization, as depicted in Fig.  1. Through training, 
IBMM then effectively 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 ori-
entations 𝑟𝑖 ∈ R6 [42] for the joints 𝐽 at the 𝑖th frame. For better 
comparison, we use 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.2 In order 
to generate the whole sequence we assume 𝐵 ≥ 2, and 𝜏1 and 𝜏𝐵 are 
always set to 1 and 𝑁 respectively.

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 𝐼𝐷𝑗 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 align-
ment simplifies the task and improves overall generation quality. For 
further details on pre-processing, see Section 4.1.

The model output [𝑦̂𝜏𝑖 ]𝐵1  consists of predicted positions 𝑝̂𝜏𝑖 , orienta-
tions 𝑟̂𝜏𝑖 , and tangents 𝑣̂𝜏𝑖  for each of the 𝐵 input frames.

2 The binning helps to space out the control points to prevent sampling in 
just one region.
3 
Fig. 2. Illustration of scaling tangents according to the distance between the 
control points.

Adaptive tangent scaling. Unlike BMM and Vögeli et al. [13], we update 
the Bézier representation to allow unsymmetrical tangents at the each 
control point. Therefore, 𝑣̂𝜏𝑖  is a six dimensional vector that is split 
into [𝑣̂𝑖𝑛𝜏𝑖 , 𝑣̂𝑜𝑢𝑡𝜏𝑖 ] where 𝑣̂𝑖𝑛𝜏𝑖  and 𝑣̂𝑜𝑢𝑡𝜏𝑖  are tangents entering and exiting 
each control point respectively. Note that 𝑣̂𝑖𝑛0  and 𝑣̂𝑜𝑢𝑡𝑁  are invalid and 
dropped during interpolation.

Furthermore, to improve foot sliding in the generated motion, we 
scale the tangents between two consecutive control points, 𝑣̂𝑜𝑢𝑡𝑖  and 
𝑣̂𝑖𝑛𝑗 , using the euclidean distance between 𝑝̂𝑖 and 𝑝̂𝑗 . The effect of 
this scaling is illustrated in Fig.  2 where we decrease the distance 
(𝑑𝑏𝑝) between the two control points but maintain the length of the 
tangents. When 𝑑𝑏𝑝 = 1 (orange) the tangents are unchanged, thus the 
two interpolations are identical. However, when two control points are 
very close 𝑑𝑏𝑝 ≈ 0, such as during a foot step, larger tangents cause 
interpolation to move away from the control points, as shown by the 
dashed green curve. By automatically scaling the tangents, the green 
curve also shrinks with the distance, which for the trajectory of a foot 
would reduce sliding artifacts.

Subsequently, the complete dense motion sequence [𝑥̂𝑖]𝑁1  is recon-
structed by interpolating the sparse outputs using cubic Bézier sam-
pling. The final mapping from the predicted subset skeleton 𝐽 to the 
full FK skeleton is performed with a learned IK model [1] as in BMM.

3.2. Model architecture

An overview of the model architecture can be seen in Fig.  3. The 
original IBMM [13] leveraged a transformer encoder as the backbone 
architecture for the diffusion model. The input sequence consisted 
of one token encoding the noise level, the 𝐵 Bézier pose tokens, 𝑘
condition tokens, and two ease-in/out tokens (elaborated further in 
Section 3.3). The Bézier pose tokens were embedded with a linear 
layer, while the noise level token went through an MLP. The temporal 
information was then added to the feature vector with sinusoidal 
positional encoding (PE).

In this work, we build upon the IBMM backbone by making two fun-
damental changes to improve constraints accuracy and generate longer 
motion sequences. Firstly, the original IBMM treated the conditions and 
the generated motion as a single sequence in the transformer encoder 
and thus the generated tokens simultaneously attended both to the 
other tokens and the conditions. This hurt its constraints accuracy as 
the attention to the conditions is reduced due very similar neighboring 
generated frames. We now instead split the attention into two stages, 
first, a self-attention block among the generated frames and, second, a 
cross-attention between the generated frames to the conditions. This 
second cross-attention step ensures that each condition is strongly 
attended to by its corresponding generated frame. Lastly, the global 
conditions, diffusion timestep and ease-in/out, that were originally 
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Fig. 3. Overview of the IBMM model architecture. The transformer encoder 
gets noisy frame-wise information as input. In addition, positional and ease-
in/out conditions are provided for cross-attention to control the generation.
Note that the notation 𝑐 of a condition is an abbreviation for 𝑝𝜏𝑖 ,𝑗 .
Note: The architecture presented here represents an optimized version of the 
framework originally proposed in [13]. We additionally skip illustrating Layer 
Norm and Feed Forward Network for simplicity.

added additional tokens in the sequence, are now used to modulate 
attention output in each transformer layer [43].

Secondly, using absolute sinusoidal positional encoding, as in the 
original version, limits generating motion beyond the sequence length 
for which the model was trained on as the new PE values are never 
seen by the model. Therefore, to increase the flexibility of our updated 
version, we adopt rotary positional encoding (RoPE) [14] that encodes 
each frame relative to its neighbors. This allows us to generate longer 
sequences than seen during training.

To create the condition token 𝑐𝜏𝑖 ,𝑗 , both 𝑝𝜏𝑖 ,𝑗 , and 𝐼𝐷𝑗 are embedded 
using their own separate linear layers. The PE of 𝜏𝑖 is added only to 
the embedded 𝐼𝐷𝑗 and the two embeddings are concatenated. 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 information of the 3D positions.

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 movements starts 
slowly and then gradually accelerates towards the end 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 [5] which can provide 
a rough control over timing with ‘‘slow’’ or ‘‘fast’’ labels, our con-
trol 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 Fig.  4, we plot the ratio of the current distance traveled 
4 
Fig. 4. 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.

by the COM to the total distance over time. For Fig.  4(a), 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 Fig.  4(b), 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 tokens, 
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

‖

‖

‖

‖

𝑝̄𝑛 −
(

𝑝̄0 +
𝑛
𝑘
(

𝑝̄𝑘−1 − 𝑝̄0
)

)

‖

‖

‖

‖

(1)

𝐸𝑜 =
𝑁
∑

𝑛=𝑁−𝑘

‖

‖

‖

‖

𝑝̄𝑛 −
(

𝑝̄𝑘 +
𝑛 − 𝑘
𝑁 − 𝑘

(

𝑝̄𝑁 − 𝑝̄𝑘
)

)

‖

‖

‖

‖

, (2)

where 𝑝̄𝑛 is the mean of all 𝐽 joints at frame 𝑛 and ‖ ⋅ ‖ denotes 
the Euclidean norm. 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 an MLP 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. Training

In the original IBMM, the data was aligned based on the boundary 
frames, 𝑥0 and 𝑥𝑁 , in the following way. First, each segment was ro-
tated around the vertical axis such that the ground projected direction 
from start to end pose aligned with the positive 𝑌 -axis. Second, the 
motion was shifted along the 𝑌 -axis such that the middle was located 
at the origin. Finally, a Z-score normalization was used to set mean to 
0 and variance to 1 over the training data.

In this work, we now remove the requirement of always condition-
ing on boundary frames 𝑥0 and 𝑥𝑁 . Instead, we assume at least two 
constraints are given to the model. Using these two constraints, we 
align the motion such that the direction from the first constraint to the 
last is aligned with the global 𝑌 -axis. By randomizing the time index 
of the first and last constraints, our model is able to be extrapolate 
motion beyond the boundaries of the input constraints. The remaining 
alignment and normalization follows identically to the original work.

Furthermore, as artists frequently use FK constraints to orient the 
joints, we now enable adding orientations as additional constraints. As 
we operate on a simplified skeleton, specifying the global orientation 
of a joint without its position is an unintuitive control. Therefore, 
we instead assume that setting an orientation constraint, additionally 
constrains the position for that joint.
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Loss functions. For training our model, we use the same loss con-
figurations as in BMM. This entails MSE losses for the predicted 3D 
trajectories [𝑝̂𝑖]𝑁1  and orientations [𝑟̂𝑖]𝑁1  against ground truth values 
[𝑝𝑖]𝑁1  and [𝑟𝑖]𝑁1 , respectively. There are further MSE losses between the 
positional and orientational conditions [𝑐𝜏𝑖 ,𝑗 ]𝐵1  and the corresponding 
predicted positions [𝑝̂𝜏𝑖 ,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 [12].

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 po-
sitions, 𝑏, and tangents, 𝑡, 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.

3.5. Inference methods

In our editing examples with IBMM, we also observed a few issues 
that are harder to grasp from a training objective, since they mostly 
occur when using the model in an iterative and practical use case. 
These challenges include: editing when many constraints are set (e.g. 
when editing or stitching given mocap clips), iteratively adding new 
constraints, and sequence stitching. However, IBMM++ can mitigate 
those issues with additional inference-based methods.
Attention masking. In scenarios with a large number of full body con-
straints, we observe a lower constraints accuracy when manipulating 
sparse handles. We attribute this to the global cross-attention between 
the input pose token and all of the condition tokens diluting the atten-
tion weight on the local condition token. Basically every new condition 
will contribute to the attention weighting, no matter how far away they 
are and if more relevant constraints are close by. Especially, for motion 
that is much more Markovian, the attention should focus the most on 
the nearest constraints, and adding new far away constraints should 
not influence the motion too much anymore. While RoPE already helps 
to focus the attention to the closest constraints, it cannot fully cut off 
attention to far away constraints.

In order to improve constraints manipulation in this scenario, we 
use a top-k mask over the cross-attention at inference. Hence, an input 
pose token only attends to the k most relevant condition tokens. As 
demonstrated in Section 4.4.3, we find k = 10 to give the best results. 
While this top-k masking could also be done during training, we have 
not observed that this mitigates the problem better than simply using 
it as an inference-only method. Note, the top-k masking can also be 
applied at the self-attention stage, however, with a different k, since 
those tokens describe a full pose frame and not an individual joint. For 
those layers, we choose k = 5.

Smooth noise modeling. Since IBMM allows adding new control points 
at arbitrary timings, it is important to account for this also in the way 
the noise is created. By inserting a new point into the middle of the 
motion, the noise vector gets longer and naively mapping this new 
noise vector back to the ordered input would shift the noise for each 
point following the added one. Thus, we precompute and cache the 
noise for every single frame and slice the noise according to the control 
points’ temporal location.

Additionally, we observed that adding new control points — even 
on the already predicted curves — can sometimes lead to bigger 
changes. While such changes are explainable, since a new input is 
added to the network, we observed that this chance can be especially 
strong, when the added noise sample on this point is more extreme. To 
ensure a smoother editing behavior when adding new control points, 
we cache a piecewise linear version of the noise. So similarly to the 
stride of the Bézier curves, the noise is sampled in a temporally reduced 
space with linear interpolation in between. For the stride length of the 
noise sampling, we used the mean stride length of the Bézier curves 
during training. Note that this noise cache is completely independent 
of the output motion and only depends on the frame index. Hence, it 
5 
remains constant over iterative edits to ensure predictable user edits 
but the user maintains the freedom to resample the noise for any part 
of the motion.

While the smoothed noise might suggest that due to lower frequent 
input the results would lead to less overall diversity, empirically we 
observe the opposite. Especially for the extreme case of 𝑠 = 1, i.e. 
a Bézier control point at every timestep, IBMM with iid noise shows 
little diversity and collapses to a mean motion. We attribute this effect 
to a domain gap to training, as IBMM is trained for a much sparser 
domain. We suspect that too high frequent noise pushes the motion 
into multiple opposite directions which are then averaged out, leading 
to mode collapse. While the smoothed noise is not iid as for training it 
still mimics the sparsity and thus is closer to the training setup.
Cross window blending. While the model can deal with temporal vari-
able input sizes and can also extrapolate  beyond the maximal window 
length, there is a limit to the window size. Therefore, the motion needs 
to be broken up into smaller segments. From a practical perspective, 
this not only makes the evaluation faster, but also mimics the way artist 
work. They break up animation into smaller subsequences or ‘‘beats’’, 
generally between important keyframes. To improve continuity, IBMM 
averages the tangent prediction of the boundary frames for adjacent 
windows. To further strengthen the continuity, we add a predicted 
frame from the adjacent window as an additional constraint. Thus the 
prediction between the two windows is no longer independent but 
has an additional context about the dynamics leading into the start 
boundary (or out of the end boundary). In practice, we observed  that 
adding a single pose at a distance of ∼6 frames from the boundary 
frames communicated the momentum of the motion without hurting 
constraint accuracy close to the boundaries.

4. Evaluation

Given the need to generate artifact-free motions and our focus 
on artist-controllable motion generation, we measure foot sliding and 
handle accuracy to measure motion quality and generalization to artist 
inputs, respectively.

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

To validate the improvements made in this work, we refer to the 
original as IBMM and our improved version as IBMM++ throughout 
the following validation.

4.1. Dataset and implementation details

We use the LaFAN1 dataset [15] to evaluate our model and compare 
it to BMM. It contains motion capture data recorded on five subjects 
and is approximately 4.6 h long. The motions include walking, running, 
climbing obstacles, jumping, dancing, and many more. The training 
data includes all clips from subjects one to four, while the validation 
data consists of all clips from subject five. Additionally, our internal 
dataset is a more action-themed dataset and consists of ∼40 h of 
walking, running, parkour, and fighting sequences at 24 fps. We use 
this dataset for all evaluations involving IBMM++. We split the dataset 
into 95% training and 5% validation datasets.

Each clip is individually projected to the ground plane by subtract-
ing 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.

On the LaFAN1 dataset, we trained two model versions for 230 
epochs (∼64 h) on an Nvidia RTX3090.
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• The first, a 30-frame model, uniformly samples 4 to 12 Bézier 
poses and is conditioned on 0 to 6 intermediate joint-wise con-
straints 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.

For efficiency, on our internal dataset we only train the longer 90-
frame model with identical Bézier and constraint sampling setup as on 
LaFAN1.

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.

4.2. Quantitative evaluation

In the following section, we first compare IBMM to BMM [12] 
on varying time indices, handle accuracy, and foot sliding. Next, we 
validate our improvements from this work on handle accuracy and foot 
sliding.

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 architecture is only exposed to temporal 
information at these discrete six-frame intervals. However, a fundamen-
tal characteristic of transformer models is their token-based processing, 
which allows for variations in the number of inputs, and thereby, the 
number of control 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 Fig.  5(a), BMM does not generalize to intermediate 
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 representation 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, preventing the introduction of 
additional control points without causing severe artifacts in the motion. 
While changing the timing of the 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 Fig.  5(b), demonstrate 
that the model generalizes to continuous timings. When subjected to 
the identical experimental setup, the normalized distance of the inter-
polated control point increases linearly. This smooth, linear progression 
confirms that IBMM has successfully learned a continuous representa-
tion of time. For more qualitative comparison of this behavior we refer 
to the supplementary video.
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Fig. 5. 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.

Table 1
Handle accuracy evaluated on BMM and different versions of IBMM. The 
handle accuracy is measured over the full validation dataset with 10% in-
termediate 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  

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. (GT=Ground Truth).
 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 

4.2.2. Handle accuracy
Accurately satisfying conditions is essential for artistic control. To 

evaluate our model’s performance at meeting these conditions, we 
measure handle accuracy and compare 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 sig-
nificantly in accurately hitting sparse conditions. Also, when sampling 
sparse constraints at random frames (Random), IBMM shows a sub-
stantial 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 alignment, achieves handle accuracy sim-
ilar 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.
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Fig. 6. Influence of the ease-in/out control for the generated motion samples. 
The samples indicate a linear relationship showing that IBMM has faithfully 
learned to follow the condition.

4.2.3. Foot sliding
Minimizing foot sliding is crucial for generating physically plausible 

and realistic character animations. We evaluate our model’s perfor-
mance on foot sliding using our own metric designed for locomotion in 
particular that we call Foot Sliding Ratio Locomotion (FSRL). For more 
details on the metric, we refer to Appendix D of Vögeli et al. [13].

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, 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 outperforms 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 temporal 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 Fig.  6, 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.

4.2.5. Comparison to Vögeli et al. [13]
In Table  3, we evaluate our architectural improvements to IBMM

[13] on our internal dataset. Since we now evaluate on a more diverse 
dataset, we use Foot Sliding (FS) as a metric instead of FSRL, which was 
more specific to locomotion. FS is defined as sum of planar velocity 
of the feet joint when the foot is in contact (𝑝𝑧 ≤ 5 cm) with the 
ground. For the positional and orientational accuracy, we use the 
same metric as in Table  1, using 6D representation for the rotations. 
Note that the ablated version IBMM++-CA, -RoPE represents the original 
IBMM but also trained to predict orientation constraints. First, we 
see that introducing cross-attention gives the large improvement over 
the base model for positional and orientational constraints accuracy, 
while introducing RoPE provides further gains. Another consequence 
of using cross-attention is that the sequence is now split into 2 shorter 
sequences of generated frames and conditions. As the computation 
time for attention is quadratic in number of tokens, this improves our 
execution time by ∼40%.
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Table 3
Ablating importance of adding Cross-Attention and RoPE to IBMM when 
adding 10% random intermediate handles.
 Model Pos Acc. 

(cm)↓
Orient 
Acc. ↓

FS Time 

 IBMM++ 0.389 0.317 0.001 5:22  
 IBMM++-RoPE 0.399 0.323 0.087 5:10  
 IBMM++-CA 0.399 0.318 0.001 8:27  
 IBMM++-CA, -RoPE 0.410 0.333 0.003 8:39  

Fig. 7. Qualitative comparison of the handle accuracy between 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. Qualitative evaluation

We present evaluating our model, IBMM, on test clips from LaFAN1 
and AMASS [44] datasets in our supporting video. In the following 
sections, we discuss the effects of our improvements on usability over 
[12]. In extension to Vögeli et al. [13], we further demonstrate vari-
ous improvements made in IBMM++ on our internal dataset. We use 
IBMM* to denote results that are representative of both IBMM and 
IBMM++.

4.3.1. Better constraints hitting
Fig.  7 visually shows the improvement in handle accuracy. While 

BMM does not hit the constraints 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. How-
ever, simple overwriting does not take joint correlations into account 
and can lead to artifacts that are further elaborated in Appendix F of 
Vögeli et al. [13].

4.3.2. Different amounts of evenly spaced Bézier poses
Fig.  8 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. Fig.  9 shows an example where dense conditions on 



D. Agrawal et al. Computers & Graphics 140 (2026) 104751 
Fig. 8. Illustration of sampling different numbers of evenly spaced Bézier 
poses with IBMM*.

Fig. 9. 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.

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.

4.3.4. Ease-in/out control
We evaluate ease control for IBMM in Fig.  10. The blue and red 

silhouettes show every fourth frame at the start and end of the motion 
sequence, respectively. In Fig.  10(a), 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 Fig.  10(b), 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 Fig.  10(c)—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.

4.3.5. Orientation control
By adding orientation handles to IBMM++, one can achieve new 

control mechanism that go beyond positional constraint hitting. Fig. 
11 demonstrates this for rotating the hip joint from an originally sitting 
pose along the yaw, pitch, and roll axes. Notice how rotating a single 
8 
Fig. 10. 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.

Fig. 11. Example of rotating a sparse hip joint along yaw, pitch, and roll axes.

constraint effects the full pose and changes the motion from sitting to 
crawling when changing the pitch, and to falling for roll.

Lastly, while IBMM++ works on a reduced skeleton, control over 
missing joints is very limited. However, the orientation control can help 
to improve this issue. For instance, by rotating the hand’s orientation, 
the elbow can be affected much more directly, for overall better pose 
control.

4.3.6. Motion extension
In Fig.  12, we show results of generating motion beyond the last 

keyframes with different noise seeds but fixed full body constraints. The 
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Fig. 12. Different extensions from the same full body constraints. The blue 
silhouettes are inbetweened while the red frames extend beyond the final full 
body keyframe.

Fig. 13. Effect of adding adaptive tangent scaling when inbetweening between 
two T-pose full body constraints. Without the scaling, the generated motion 
shows foot sliding in (a), which is fixed with scaling (b). The insets magnify 
the first step: without scaling, the foot control points are strung out in a line 
along the ground, whereas with scaling they lift into an arc.

blue silhouettes temporally lie between the two full body constraints, 
while the red ones are after the last given keyframe. Note that while 
blue frames are similar across the different variants, the red frames 
show a large variability with some staying in place, continuing forward, 
or turning back.

4.4. Ablations

In this section we ablate our representation (Section 3.1) and 
inference time (Section 3.5) contributions compared to the original 
IBMM [13].

4.4.1. Adaptive tangent scaling ablation
We introduced unsymmetrical tangents and adaptive tangent scaling 

to improve the foot sliding in the generated motion. To demonstrate 
9 
Fig. 14. Plotting diversity (std) in end-effector positions for different number 
of control points (𝐵) with and without using smooth noise modeling.

the effect of these additions, in Fig.  13 we show an example of the 
generated motion between two T-pose constraints. Note that T-pose is 
an out of distribution pose and giving the identical start and end poses 
further push the sample away from the training data.

Without the tangent scaling, we see a large amount of foot sliding 
with many control points predicted right beside each other. In contrast, 
adding tangent scaling results in clean foot steps being generated for 
the same noise seed.

4.4.2. Smoothed noise modeling
In Fig.  14, we ablate smooth noise modeling by plotting the diversity 

in the generated samples for different number of Bézier control points 
(𝐵). We measure diversity as the average standard deviation in the 
end-effector positions when sampling 128 variants for 320 sequences 
each.

At smaller 𝐵, both noise strategies perform similarly. However, as 
the model was not trained with very high 𝐵, we see that without 
smooth noise modeling, the diversity drops drastically. In comparison, 
with interpolated noise (with 9 piecewise sections), we see a much 
smaller decrease.

We further demonstrate the higher diversity of smooth noise mod-
eling in our supporting video. When generating variants for a fixed 
inbetweening constraints set with 𝐵 = 𝑁 , we see that without smooth 
noise modeling all variants are very similar and exhibit substantial 
jitter artifacts. In comparison, using smooth noise modeling gives large 
variability and generates smooth motion.

4.4.3. Top-k attention
In Fig.  15, we edit a motion capture by deleting a few frames 

and regenerating while the remaining frame are used as full-body 
constraints. When using global attention, as in Vögeli et al. [13], the 
unconstrained input tokens more strongly attend to the many full-
body conditions instead of the sparse hip constraint (in pink in Fig. 
15(a)). Consequently, we get a large constraint satisfaction and the 
neighboring control points do not adapt appropriately.

In contrast, as shown in Fig.  15(b), attending only to top-k condition 
tokens fixes this issue as the unconstrained tokens can now more 
strongly attend to the sparse constraint.

Additionally, in Fig.  16, we measure the performance of different 
values of k at satisfying sparse positional constraints across different 
keyframe densities. We use positional constraint accuracy across the 
validation set of our internal dataset for the evaluation. Note that since 
the model was originally trained to receive only two full keyframes, 
evaluating with 60 – 80 keyframes is very far from its training dis-
tribution. Therefore, to measure the comparative performance at each 
keyframe density, we subtract the mean error across different values of 
k.
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Fig. 15. Editing motion capture by deleting frames with and without localized 
top-k attention.

Fig. 16. Effect of varying the top-k value on positional constraint accuracy 
across different numbers of full-body keyframes.

First, we see that when attending to all input keyframes (‘‘off’’ 
in Fig.  16), the model performs the best with only two keyframe 
constraints but drastically drops off in performance at higher keyframe 
densities. This corroborates the empirical evidence from Fig.  15(a). At 
higher keyframe densities, k = 10 consistently performs the best. Hence, 
we recommend it as a safe default value when working with dense 
data such as motion capture. Lastly, it is worth noting that varying k is 
an inference-time technique. Therefore, it can be easily exposed to the 
artist to select the best value for the current sequence.

4.5. 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 
to control the generation process by adding constraints, choosing the 
number of Bézier controls, moving control points, sampling different 
motions, and adjusting the ease-in/out of a predicted motion.
10 
Fig. 17. Example of editing an animation with IBMM. (a) shows the model’s 
initial prediction and (b) the final edited animation.

The creation of the animation involved three main steps. First, we 
define a sparse set of keyposes to outline the desired motion 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 running 
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 manipu-
lated 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 Fig.  17(a). 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.

To create the animation of sitting down on the bench, we added 
multiple foot constraints and locked them to the same position to elimi-
nate 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 cre-
ates dynamics that match the keypose. For example, when transitioning 
from a static standing pose to a running pose, the model generates 
a natural acceleration, with the character’s speed increasing as it ap-
proaches 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.

5. Discussion

Our work builds on a new insight in motion diffusion [10–12], that 
sparsifying the input signal improves motion generation, and in the case 
of BMM [12] 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.

With IBMM, we removed this constraint by allowing 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.

Additionally, inspired by traditional animation principles, we also 
introduced a novel control mechanism over the ease-in and ease-out 
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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 then follows 
this condition and even extrapolates to ease-in/out levels not present 
in the original dataset.

With IBMM, and now IBMM++ in this work, we further showed that 
an improved architecture and alignment of the data has large effects 
on motion fidelity and improves spatial control. Specifically, IBMM 
improved the condition token formulation that we inherit in this work, 
and we introduced adaptive tangent scaling for better foot-ground con-
tact. However, while scaling the tangents helps reduce foot sliding, it 
does not completely eliminate it unless the two Bézier points coincide. 
Therefore, further research incorporating foot-contact modeling into 
the architecture is required to fully remove this artifact.

Using a relative positional encoding in RoPE [14] allowed us to 
generate sequences up to 25% longer than the ones the model was 
originally trained on. However, we must note that when generating 
sequences much longer (≥ 1.5×) than the training sequence length, the 
model exhibits ringing artifacts where the additional frames oscillate 
between the two full body constraints. We attribute this to the gener-
ated position values growing much larger than seen during training. 
Using a redundant motion representation, such as additionally gener-
ating velocities, can potentially help improve this limitation, which we 
leave as future work.

When training BMM, Studer et al. [12] 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.

By relaxing the requirement of always providing both boundary 
full body keyframes, we unlocked a new workflow where artists can 
quickly auto-regressively layout motion sequences. By feeding gener-
ated frames as starting full body constraints at the next evaluated 
window, an artist can generate the future motion. This generated future 
motion can further be controlled via sparse control points.

As both IBMM and IBMM++ build on BMM, we inherit many of 
its advantages. This includes being skeleton-agnostic and being able 
to work with smaller datasets. However, we also inherit some of its 
limitations. In particular, 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 
constrained 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.

6. Conclusion

In Vögeli et al. [13], we introduced the Implicit Bézier Motion 
Model (IBMM). 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 altogether 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, 
11 
this is the first global control over timing–while generating natural 
motion–without recourse to human labeling.

In this extended version (IBMM++), we further closed the gap to 
professional editing workflows. An improved transformer backbone 
with cross-attention and rotary positional encoding raises constraint ac-
curacy and lets the model generate motion beyond the sequence length 
seen during training. An asymmetric, distance-scaled Bézier tangent 
formulation reduces foot sliding and enables better foot manipulation. 
A randomized constraint sampling strategy at training time removes the 
requirement of fixed boundary frames and adds support for orientation 
constraints and motion extension. Additionally, we introduce several 
inference-time mechanisms that enable IBMM++ to scale to dense 
constraint sets, offer stable iterative editing, and ensures smoothness 
across motion segments.

By improving controllability of generative motion models and bring-
ing 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 animation 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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