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Fig. 1. Our Neural Motion Rig generates entire movements given only two poses (blue and red) and optionally an arbitrary set of intermediate constraints
(pink spheres). To interface with intermediate motion, we provide neural motion curves which are the generated trajectories of specific joints (the blue spheres).
Any point can be selected by the user and become constraints in our model that re-generates movements interactively.

Authoring 3D motions is a laborious process that requires manipulating and
coordinating many control handles over time. Neural motion representa-
tions learned from large motion datasets have recently shown impressive
capabilities in many motion completion tasks. However, current methods are
not designed for interactive motion authoring workflows. The reasons being
their requirement of a dense context of full poses, which takes considerable
time to author, as well as their lack of joint-level controls for refinement.
In this paper, we introduce a Neural Motion Rig called SKEL-Betweener,
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tailored to interactive motion authoring. SKEL-Betweener is able to gener-
ate long motion sequences from two poses only, and enables intermediate
motion authoring via neural motion curves—intuitive joint-level controls for
positions and orientations. Through user evaluations, we demonstrate the
effectiveness of our Neural Motion Rig for efficiently creating and editing
motions.
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cessing; Graphics systems and interfaces; « Human-centered computing
— Interaction design.

Additional Key Words and Phrases: Motion Completion, Skeletal Neural
Network

ACM Reference Format:

Dhruv Agrawal, Jakob Buhmann, Dominik Borer, Robert W. Sumner, and Mar-
tin Guay. 2024. SKEL-Betweener: a Neural Motion Rig for Interactive Motion
Authoring. ACM Trans. Graph. 43, 6, Article 247 (December 2024), 11 pages.
https://doi.org/10.1145/3687941

1 INTRODUCTION

Animating a 3D character is a time-intensive task, where anima-
tors manipulate many rig controls at many time steps, so called
keyframes, while using interpolation to fill smooth parts of the
motion. To facilitate animation, artists should be able to control a
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minimum number of handles to achieve their vision. Data driven
systems such as [Qin et al. 2022] and [Oreshkin et al. 2023] have the
potential to accelerate motion authoring, by leveraging correlations
complete movements. However, current learning-based methods
still have two main limitations that prevent adoption.

First, they require animators to provide a dense context. While
animators are able to quickly layout sparse poses, crafting dense se-
quences of consecutive frames is significantly more time-consuming.
Second, current methods only offer providing full or half body
constraints—as opposed to individual handles—as shown in Fig. 2a.
However, animators have a strong artistic vision and need to be
able to refine the generated motion in real-time. Hence, in order to
explore and refine movements, animators must add multiple full
body keyframes, which takes considerable more time.

In this paper, we introduce Skel-Betweener, a Neural Motion Rig
that generates complete motions from sparse poses and control
handles, such as positions and orientation widgets. The user starts
by crafting poses and our motion rig generates the full motion
between those poses. Then the user can refine the generated motion
in real-time by manipulating neural motion curves that are part of the
rig. For example, one can add a jump inside a running sequence by
manipulating a few handles, as shown in our video. Neural motion
curves can be manipulated directly in the scene for 3D trajectories,
as well as in 1D for rotations using the graph editor, which animators
use extensively.

Additionally, we go a step further and tackle motion editing.
For example, one might want to alter captured motion, or motion
generated from text [Tevet et al. 2023], but current models generate
movements only considering constraints while disregarding the
pre-existing motion. Unfortunately, learning to preserve an existing
motion is a challenge due to the lack of paired data. We solve this
problem by simulating motion editing, using SKEL-Betweener, and
use this data to train a motion-preserving version of our model.
This way, the generated motion is trained to remain close to the
pre-existing motion, while remaining malleable via neural motion
curves.

Through evaluation, we show that our Neural Motion Rig pro-
vides an efficient interface for motion authoring. For example, au-
thoring the run and jump sequence in our video takes one hour
using traditional tools, while it can be authored within a few minutes
using our Neural Motion Rig. We formally validate the improved
animation workflow within a user study. Lastly, we validate our
improved constraint accuracy by comparing to state of the art on
different benchmarks.

2 RELATED WORK

Authoring software such as Maya [Autodesk 2024] and Blender
[Blender Foundation 2024] provide keyframe interpolation as a
way to author movements by creating keyframes (joint angles and
IK position targets), that are interpolated with parametric curves.
Motion editing can be performed by using layers of additive motions
where modifications over a time window are keyframed on a additive
layer [Witkin and Popovic 1995]. Crafting motions this way is time-
consuming and researchers have explored using optimization to
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Fig. 2. Input patterns of constraints (blue) for joints (vertical axis) over
time (horizontal axis). In previous inbetweening models such as [Qin et al.
2022], a dense context and an end frame must be provided, as shown in
(a). In addition partial or full constrained frames may be given. In contrast,
our method (SKEL-Betweener) shown in (b) only requires two frames, and
enables individual joint level controls. Lastly, we unlock motion editing via
a motion-preservation bias, which is illustrated with soft blue in (c).

solve for free parameters automatically [Ciccone et al. 2019; Gleicher
1997; Lee and Shin 1999].

[Gleicher 1997] optimize directly in the dense space of skeletons
over time, while both [Ciccone et al. 2019] and [Lee and Shin 1999]
optimize in the reduced space of parametric curves such as bezier
curves (tangents and positions). While these methods are appealing,
they do not take into account data statistics, often resulting in spu-
rious local minima. Statistical motion modeling has been explored
in the mid 2000s to author movements from few handles by con-
straining optimization to a subspace [Chai and Hodgins 2007; Min
et al. 2009]. However these early explorations were limited to small
datasets and could not generalize to large datasets in a single model.

2.1 Learned Motion Completion

Deep neural networks have emerged in recent years as a general
framework capable of training a single model from entire motion
datasets. Early efforts for inbetweening took dense context of past
poses together with a target pose, to predict the frames between,
using auto-regressive models [Harvey and Pal 2018; Harvey et al.
2020]. Improvements came from time encoding [Harvey et al. 2020]
and a phase label [Starke et al. 2022] similar to motion-specific time
encoding in [Starke et al. 2023]. The work of [Tang et al. 2022] split
the model into two with a pre-trained motion VAE model [Ling
et al. 2020], together with an auto-regressive sampler tailored to
improving leg motion, including using a phase label recently [Tang
et al. 2023]. Unfortunately, auto-regressive models cannot be easily
extended to satisfy arbitrary sparse constraints, rendering these
models inconvenient for expressive motion authoring.

Closest to our work, are methods using transformer encoders
[Oreshkin et al. 2023; Qin et al. 2022; Zheng et al. 2023] operating on
the motion sequence. Oreshkin et al. [2023] show empirically that
learning deltas to interpolated keyframes improves performance.



[Qin et al. 2022] use a mask for constraints and have first encoder
that can only attend to constraints. This results in low frequency
motions with a loss of details, and thus a second transformer—able
to attend to all frames in between-is then recovering more details.
While they show impressive results, it cannot be used for direct
manipulation of sparse joint-level constraints. In the context of
vision, [Zheng et al. 2023] developed a joint-level model to complete
partial and noisy signals.

2.1.1 Diffusion Models. Diffusion models applied to motion have
gained popularity [Karunratanakul et al. 2023a,b; Tevet et al. 2023;
Tseng et al. 2022; Xie et al. 2024], partly due to their success in the
image domain. Motion Diffusion Model (MDM) [Tevet et al. 2023],
together with EDGE [Tseng et al. 2022], were the first adaptations
to the motion domain. Both models use transformer encoders and
diffuse in motion space, given text or music conditions respectively.

To satisfy constraints, [Karunratanakul et al. 2023b] entangle the
constraints into the entire motion sequence using a fixed projection
matrix. Both [Xie et al. 2024] and [Karunratanakul et al. 2023a]
explore optimizing MDM to further improve matching constraints.
While the state of the art is improving, stochastic models remain less
accurate than deterministic models. Coupled with slower inference,
these models remain less suitable for motion authoring. Addition-
ally, since our motion editing model can be conditioned on dense
data, our work is complementary, enabling further refinement after
motion generation.

More recently, [Cohan et al. 2024] specifically train a diffusion
model for motion inbetweening. They use inpainting during training
and inference to ensure that the model always sees a clean condi-
tion signal. They further support conditioning on joint trajectories,
however also cannot handle sparser constraints.

2.2 Neural Motion Editing

[Holden et al. 2016] learn a motion manifold and perform motion
editing by optimizing in this learnt space. However, they cannot edit
arbitrary motion clips and only support editing their own motion
generated from trajectories or target location.

The challenge with editing existing motion with machine learning
is the lack of paired data between original motion, edit and final
motion. Recently though, [Agrawal et al. 2023] demonstrated motion
editing at the pose level by training for pose smoothness to the
original pose (they called the base pose), by randomly sampling
poses as base pose during training. While this can be effective, it
lacks full motion coherence and can result in visual artifacts. In
contrast, our model has full temporal coherence, but is trained with
sensible motion editing data. To generate this data we use our SKEL-
Betweener model, which we detail in the next section.

3 SKEL-BETWEENER

Recent motion models [Qin et al. 2022; Tevet et al. 2023] inspired
by language models [Ranathunga et al. 2023; Zhang et al. 2024] and
use transformers [Vaswani et al. 2017] with global attention, best
suited for long range dependencies. However, motion has arguably
shorter causal dependencies and thus motion authoring requires
more local control. To better capture these local dependencies, we
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use a graph neural network, similar to [Agrawal et al. 2023] with
multiple graph transformer layers [Dwivedi and Bresson 2021].

By using a skeletal graph network operating on the joints of the
skeleton, we can provide joint-level control, passing messages to
a joint’s neighborhood-both in space and time-through a skeletal
transformer. In total, our model consists of three parts: a joint encoder,
a skeletal transformer, and a joint decoder, as illustrated in Fig. 3.

3.1 Feature Space

Animators often manipulate world positions for inverse kinematics,
look-ats and pull vectors. As our model operates at the joint level,
we define a motion as {xg, x;, ..., x7}, where x; € {pos,rot} are
global positions, orientations of that joint at time ¢. We use 6D
representation [Zhou et al. 2019] for orientations, which provides
uniqueness and better continuity than quaternions. Additionally,
for the feet joints, we add a binary ground contact variable. For all
other joints, it is set to 0.

Since our model operates directly on the skeletal data, the way we
initialise the motion affects the results. Empirically, we found that
initializing the motion by interpolating the sparse controls (the blue
squares in Fig. 2b), yielded more accurate inference. We use linear
and spherical interpolation for positions and orientations respec-
tively to give dense initial positions pos € RT*/*3 and orientation
orient € RTXJX6 For the feet joints, the contact label is set to 0.5 for
unknown frames while for the remaining joints it is always set to 0,
giving contact € RT*J*1 Lastly, to inform the model of which data
is a constraint, we concatenate the masks mask, € RT*XIX1 where
* € {pos, orient, contact}. Next, we describe how to transform
interpolated motion into detailed motion.

3.2 Joint Encoder

Similar to [Agrawal et al. 2023], each node in the skeletal trans-
former is represented by two vectors Node,,,; and Nodestqte, each
of dimension h. The task of the joint encoder is to map the input data
to these vectors. The first vector, Node,,,;, represents the identity
of the node. For a node, ry{, this includes a linear joint embedding of
a one-hot vector for joint j, a sinusoidal positional encoding for the
time ¢, and the masks mask.. indicating if the joint is constrained.
For a complete motion clip, these vectors can be calculated as:

Jemb = Wemb IA([1>2>~-->J])(ERIX]Xh,) (1)
TembzPE([l,z,...,T])(eRTXth') @)
Nodegpp = []emb s Temb ,mask*] ( € RTX]Xh) , 3)

where 14 is a one-hot encoding function and we expand along
appropriate dimensions in Eq. (3) to construct the tuple. The sec-
ond vector, Nodeg;q;e, refers to the current value of the node. This
includes the position, orientation, and the contact label. It is initial-
ized by concatenating pos, orient, and contact and embedding them
using a fully connected network to give Nodestqre € RIxJxh,

3.3 Skeletal Transformer

The skeletal transformer contains a node 77{ for each joint j at each
time frame t. Therefore, for a motion clip with T frames and a
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Fig. 3. Our SKEL-Betweener architecture consists of a Joint Encoder that encodes joint ID, position encoding (PE) and transform for each joint independently.
The input motion is then transformed with N = 18 Skeletal Transformer Layers that consist of a Multi-Head Attention block using attention graph and a feed
forward network. Finally, the output of the last transformer layer is decoded by the Joint Decoder to give dense positions, orientations and contacts.

skeleton with J joints, the total number of nodes is T X J. In our
skeletal transformer, this connectivity between space and time are
modelled via the attention mechanism.

For example, in Fig. 3, consider the left elbow in the third frame.
It can attend to its spatial neighbors, the shoulder and the wrist
in the third frame, and to its temporal neighbors, the elbow in the
second and the fourth frame.

The skeletal transformer consists of N = 18 layers. Each trans-
former layer consists of a Skeletal Multi-Head Attention layer, a feed
forward network, and a residual connection. In the case of no in-
termediate constraints, the information flows from the constrained
exterior start and end frames to the unconstrained inner middle
frames due to local structure of the graph. Specifying intermediate
constraints can accelerate this process as we get short windows
with no information.

Since the state of the constrained nodes is already given, the
transformer layers then only updates the unconstrained node states
to regress the full motion in a latent space. The Multi-Head Attention
block uses Node,,,;, as the keys and queries and Nodeg;4¢e as the
values followed by a parallelized feed forward layer. Therefore, the
operation of each transformer layer i is given by:

. -
Node! . = MHA(K = Q = Node,p, V = Nodeg ) (4)

Node!,,;, = FCN(Nodeimte,) +Nodel )., (5)

where Node! are the node states after the i*” transformer layer.

state

3.4 Joint Decoder

The joint decoder then uses a feed forward network to extract the
global positions, global orientations, and contact labels.

The global orientations are then converted to local orientations
according to the skeleton hierarchy. The global positions are used
for additional supervision, but because the bone lengths might not
be constant across frames it is discarded during inference, as it
would lead to artifacts when applying to a skinned mesh. And lastly,
for the feet joints, contact labels are decoded and a sigmoid function
is applied to bound them in the interval [0, 1].
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3.5 Loss Function

We split our loss functions Lsg = L + Ly + L into three losses:
Reconstruction Lg, Handles Ly, and Contacts Lc.

3.5.1 Reconstruction. This loss supervises the predicted local ori-
entations rot;, global positions posg, and global orientations ro’-t\g.
We compute the L? loss for the positions and Geodesic loss for ori-
entations, which measures the angle on the great arc between two
orientations. The losses are formulated as:

Geo(R, R) = arccos [(tr (ﬁTR) —1) /2] 6)
Lpos = 5553 - pogl, 0
Lyor = Geo(roty, rot]) + Geo(roty, Et\g) 8)

Lr= wpos-Cpos + wrot Lrot » 9

where R and R are rotation matrices and o is a scalar weight for
the respective terms.

3.5.2  Handles. Without additional supervision, intermediate con-
straints are ignored as they are much sparser than the full motion,
and are randomly scattered throughout the motion sequence. There-
fore, we add an additional loss similar to Ly that only measures the
loss on the constrained positions and rotations. This can be applied
using mask as follows:

Lk = ||maskpos ® (posy —posg)”2 (10)
Lrg = maskror ® Geo(roty, ro’?g) (11)
Ly = ok Lix + wrk Lk (12)

where ® is an element-wise multiplication.

3.5.3 Contacts. To reduce foot sliding, we supervise the ground
contact labels and corresponding foot velocities, similar to [Qin et al.
2022] and [Tevet et al. 2023]:

Lo = ”(m - com‘act”2 + ”(m ® zje\l“2 (13)
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Fig. 4. Qualitative comparison of SKEL-Betweener (bottom) against TwoStage [Qin et al. 2022] (top) for different datasets: Lafan1 (left), DanceDB (middle),
and AMASS (right). While the motion curves generated by both models go from the start to the end frame, we see that TwoStage can introduce large errors on
intermediate sparse constraints. Our model consistently closely satisfies the given constraints and can generate realistic motion.

y

Fig. 5. In order to build paired data of motion end edited motion, we use
a pre-trained SKEL-Betweener model. We first sample from our dataset a
motion shown here in red. Then we sample two disjoint sets of constraints:
the blue and red spheres. We use the blue spheres to generate the cyan
motion using the pre-trained SKEL-Betweener. Then to train a model for
motion preservation, we use the red spheres as constraints, the cyan motion
as base motion, and the red motion as the target ground truth. This way
the motion-preserving model, shown in green, is exposed to the notion of
preserving un-constrained parts of the motion.

4 MOTION EDITING

Recently, [Agrawal et al. 2023] trained an inverse kinematics pose
model that preserves traits from a base pose by initializing the model
with a randomized base pose and using a pose preservation loss.
Unfortunately, naively extending this to motion, where random clips
are sampled as base motion, results in poor motion preservation
and poor constraints satisfaction. We postulate as the potential
difference between two motion clips grows exponentially with the
length of the clips, the reconstruction and motion preservation
losses become adversarial and inhibit meaningful learning. Hence,
we take care to generate more sensible motions during training by
using our SKEL-Betweener model as described below.

4.1 Data Generation for Motion Editing

Our approach is illustrated in Fig. 5. Given a ground truth clip with
high frequency details, we sample two disjoint sets of positional

constraints. By evaluating our SKEL-Betweener model with only
one set of the constraints, we can generate a new motion clip that
has realistic motion and contains a subset of all high frequency
details of the original motion clip. This way, the original motion
clip can now be viewed as an edited version of the generated motion
with the first set of constraints. In analogy to [Agrawal et al. 2023],
we refer to the unedited clip as the base motion.

4.2 Training for Motion Editing

With the generated pairs of edited and unedited motion, we can
extend our model to perform motion editing. We use the identical
architecture as for inbetweening with the addition that the joint
states are initialized with the base motion. The model is then trained
to reach the additional constraints (red discs in Fig. 5) and recon-
struct the original motion. In addition to Lsp, we add a loss for Base
Motion Preservation Lgy to further supervise the predicted motion
to stick to the initial base motion:

Lpym = llome ® (pospe — possp)ll,

14
+ Geo(wpmE @ rotyg, OME ® rotsg) , (14)

where posprg and rotyg are predicted world positions and orienta-
tions from the motion editing model, and possp and rotsp are the
position and orientation from our pre-trained inbetweening model.
wME is a weight mask applied to individual frames such that frames
close to a constraint are less penalized for editing the base motion.

Hence, the complete motion editing loss functionis Lyg = Lsp+
wpmLpm Where wpys gives the relative weight for the base motion
preservation loss.

5 EVALUATION

To evaluate our model, we show reconstruction results on multiple
datasets and compare with an adapted version of the TwoStage
model [Qin et al. 2022] that allows for editing sparse constraints.
We do so by providing all input in world coordinates together with
only the boundary frames, as opposed to dense context (see Fig. 2b

ACM Trans. Graph., Vol. 43, No. 6, Article 247. Publication date: December 2024.



247:6 « Agrawal et al.

Table 1. Quantitative analysis of SKEL-Betweener (Ours) and TwoStage models on Lafan1, AMASS and DanceDB datasets. L2P measures the L? distance

between the global positions and GeoR measures the geodesic distance between the global rotations.

Lafan1 Dataset
TwoStage { SKEL-Betweener
Motion X | 0055 0.058
GeoR 0.093 0.100
Constraints L2P 0.013 0.021
GeoR |  0.064 0.052
. L2P 0.043 0.032
OOD Constraints GeoR 0102 P

AMASS Dataset DanceDB Dataset
TwoStage { SKEL-Betweener | TwoStage { SKEL-Betweener

0.064 0.066 0.083 0.050
0.089 0.085 0.148 0.100
0.055 0.050 0.077 0.020
0.083 0.045 0.133 0.044
0.093 0.060 0.926 0.388
0.094 0.045 0.159 0.045

for schematic). Additionally, we show the qualitative performance
of our model for iteratively authoring a motion sequence.

We compare our model with a modified TwoStage model on
Lafan1[Harvey et al. 2020], AMASS[Mahmood et al. 2019], and
DanceDB [Tsuchida et al. 2019] datasets. For all datasets, we train
both models with variable window lengths between 10 and 30 frames.
The intermediate joint constraints include positions, orientations,
and contact label (only for our SKEL-Betweener model) and are
sampled with 0 to 10% probability. More details for the training and
validation splits are provided in the supplementary materials along
with remaining training hyperparameters.

5.1 Inbetweening Validation

As shown in our video, when sampling intermediate constraints
from the validation dataset, both TwoStage and our model do well
at being close to the constraints. However, when testing outside of
distribution, we can observe that our model has visually smaller
errors compared to TwoStage. When animators are modifying a
predicted sequence, they are very likely to go out of distribution
of the training data. Therefore, it is crucial to generalizes well for
real world use. Since TwoStage uses an entangled pose embedding,
a constraint can only be input at the beginning of the model. In
comparison, the skeletal design of our model enables us to easily
constrain the position or orientation of a joint in later layers of
the transformer, allowing the model to more easily attend to the
constrained values throughout the inference. Furthermore, the un-
constrained joints cannot attend to the whole motion directly and,
if any of their spatial or temporal neighbors are constrained, these
neighbors are always strongly attended to.

In Fig. 4, we see a comparison of output motions from TwoStage
and SKEL-Betweener for various out of distribution and challeng-
ing constraints. As we see in the figure, TwoStage starts to ignore
the constraints when the constraint is very far from the originally
predicted motion. In particular, in column 1, when we try to edit
the position of the foot step, our model easily moves the complete
cluster of foot positions to be much closer to the desired foot posi-
tion. In contrast, TwoStage makes a very small edit and the position
of the foot step remains very close to the original position.

Furthermore, by learning joint features instead of pose features,
our model is not as effected by the strong style of particular datasets,
such as DanceDB. Therefore, it can generate poses not present in
the original dataset. We believe that this explains why TwoStage
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almost completely ignores the position constraint in columns 3 and
4 in Fig. 4 while our model still closely satisfies these constraints.

5.2 Motion Editing Validation

As it is challenging to show details of motion with images, we refer
to our supplementary video for the discussion below. To validate
the design choices in our SKEL-Betweener model with base motion
preservation, we compare against two ablations of our model. We ab-
breviate our SKEL-Betweener model with base motion preservation
as SKEL-Betweener™ in the discussion below.

First, without the use of a base motion, we end up with the original
SKEL-Betweener model, where only sparse input is used. When
comparing the output from SKEL-Betweener to the original motion,
we see that the high frequency details present in the original motion
are lost. We must stress that without any additional context this is
expected as the most likely motion between two sparse keyframes
would not have these details. For example, between two far apart
keyframes, the most likely output would be to walk as produced by
SKEL-Betweener instead of hopping as we see in the video. On the
other hand, by initializing SKEL-Betweener” with the hop motion, it
has the necessary context and can maintain the base motion while
continuously conforming to the edits.

To validate the effectiveness of our training procedure, we also
compare with a model trained with a random base motion clip, sim-
ilar to [Agrawal et al. 2023]. In this case, we see the model struggles
both at reconstructing the original motion and at satisfying the new
constraints. Note that one can easily train a model to preserve the
random motion by increasing wpgp, but this results in the model
ignoring the constraints. This further showcases that for training a
motion editing model, the reconstruction loss and the base motion
preservation loss are adversarial when the base motion is signifi-
cantly different than the output. Using our sensible data generation,
we see that SKEL-Betweener” is able at reconstructing all of the
high frequency details of the original motion while satisfying the
given constraints.

5.3 Quantitative Validation

As both the inbetweening and motion editing variants of our model
use the same architecture, they have the same average execution
time of 27 ms on an RTX3090 GPU. This results in consistent anima-
tion playback of 24 FPS in Blender [Blender Foundation 2024] when
using the SMPL mesh[Loper et al. 2015]. Furthermore, manipulating
any constraint provides instantaneous updates without frame drops.



Table 2. Comparing motion reconstruction between our SKEL-Betweener
model with different ratios of constraints, and our SKEL-Betweener® model
initialized with ground truth and no additional constraint.

Model (% Constraints) ‘ L2P ‘ GeoR

SKEL-Betweener (0%) 0.302 | 0.177
SKEL-Betweener (10% ) 0.024 | 0.072
SKEL-Betweener (15% ) 0.015 | 0.062
SKEL-Betweener (20% ) 0.011 | 0.056

SKEL-Betweener* (0% ) | 0.015 | 0.058

In Table 1, we compare our SKEL-Betweener model to TwoStage
model on various metrics. Similar to [Qin et al. 2022], we measure
the L? distance on global positions, L2P. For global rotations, we
instead measure Geodesic distance, GeoR, as it gives a geometri-
cally meaningful distance between two orientations. To measure
how closely the intermediate joint constraints are satisfied, we also
measure L2P and GeoR for positional and rotational constraints
respectively. Additionally, to demonstrate the better generalization
of our SKEL-Betweener model, we measure constraints satisfaction
while perturbing the intermediate constraints with random noise of
up to 28 cm to create realistic but out of distribution samples (OOD
constraints). For measuring in distribution metrics, the intermediate
constraints are sampled with 5% probability and for out of distri-
bution metrics, we lower it to 1% probability to prevent infeasible
constraints sets.

Comparing L2P and GeoR between the two models, we see that
both have comparable performance with TwoStage being better on
Lafan1 dataset and our model on DanceDB dataset. However, since
we focus on controllable motion authoring in this work, satisfying
constraints well is equally important. We see that our model con-
sistently outperforms TwoStage both on in distribution and out of
distribution constraints across all datasets with the exception of in
distribution positional constraints on Lafan1 dataset.

Lastly, we compare motion reconstruction of our SKEL-Betweener
model trained with and without base motion preservation in Table 2.
When trained for motion preservation, it can easily output very
accurate motion by simply keeping the input unchanged. We see in
Table 2 that 15% to 20% additional constraints must be provided to
SKEL-Betweener without base motion preservation for comparable
motion reconstruction. This is expected as without the base motion,
the model predicts the most likely motion given only sparse input
and thus some of the high frequency details are lost. Additionally,
these added constraints also effect the area of influence of any edit.
In contrast, any edit using our SKEL-Betweener model with base
motion can effect the complete sequence, highlighting the need to
specifically train for motion editing by conditioning on dense data.

5.4 User Study

We implemented our Neural Motion Rig (NMR) in Blender [Blender
Foundation 2024] an open source 3D authoring software. To vali-
date the effectiveness of NMR, we conduct a user study involving
20 participants, including 3 professional animators, 15 novice users,
and 2 of the authors. The authors represent a category of users that
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Table 3. Average time taken, number of keyframes added, and final error to
reference animation for novice users. Across the two scenes, the users need
fewer keyframes and get closer using NMR compared to LIK.

Scene ‘ Rig ‘ Keyframes | ‘ L2P (cm) |

Sorinting | LK 23.28 8.87
Prnting | NMR | 13.42 7.86

. LIK 20.166 5.84
Walking ‘ NMR ‘ 11.66 ‘ 4.36

are both familiar with the Skel-Betweener and the comparative ani-
mation tool. Note that the participating authors were not involved
with the setup of the user study.

The participants were invited to complete a 30 frame-long an-
imation sample, using NMR and another animation tool. For the
professional animators this second animation tool was a traditional
character rig with Forward and Inverse Kinematic handles, created
with Mixamo’s [Adobe 2024] automatic character rigging feature.
Since using a professional rig requires significant experience, we
instead let novice users employ a Learned Inverse Kinematics (LIK)
system based on [Oreshkin et al. 2022] to pose in-between frames.
Further details about the animation systems are included in Appen-
dix D.1.

For the novice users, the animation was randomly selected be-
tween two motions. As there were only three professional animators,
they all animated the same motion. Lastly, the two authors recre-
ated both motions. Additionally, each participant was given a soft
time limit of fifteen minutes per task and the tasks were randomly
ordered to avoid any learning bias. Lastly, we conducted a survey
after the tasks to gather their subjective thoughts about the two
tools. The authors did not participate in the survey.

To measure the efficiency of NMR, we measure the L2P metric
on the world positions between the user motion and the reference
once every minute. In Fig. 6, the mean error over time for the three
participant groups is plotted. Individual performance of each user
are provided in Appendix D.4. For each group, using NMR gives the
most accurate recreation of the reference animation. Note that using
the Mixamo Rig, the animators could perfectly recreate the reference
animation given sufficient time, however, this would largely exceed
the time limit of fifteen minutes. Comparing the animation systems
at the start, we see that due to the better interpolation of NMR,
the users begin from a closer initial recreation compared to LIK
and the Mixamo Rig. Once the users start to animate, they make
similar progress, however they end up with improved results with
NMR, indicated by the consistent gap between the respective curves.
Interestingly, one can see in Fig. 6a that both the novice users and
the professional artists achieved similar final errors when using
NMR, though the artists were faster at the beginning of the task.

Finally, Table 3 compares the average end result for the novice
users. While the users spent similar times using both tools, using
NMR gives better recreation and requires much fewer keyframes to
be added compared to LIK. This highlights the better constraints effi-
ciency of each constraint in NMR. The number of constraints added
by each user throughout the task is included in the Appendix D.4.
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Fig. 6. User performance against the reference animation over time. For both
scenes, the novice users and the authors are able to recreate the reference
animation more accurately using NMR compared to LIK. Similarly, the
professional artists are also faster using NMR compared to the Mixamo Rig.

The study also revealed that some UI details could be improved
for a better experience. As shown in Fig. 7, a particular joint is
represented via a cyan or pink sphere at each time step. Without any
additional information, the participants had difficulties recognising
which sphere corresponded to which time step. Similarly, when a
joint—in particular a foot—is stationary, constraints from multiple
time steps start to overlap. This again makes selecting the desired
constraint harder. For future work, highlighting the constraints for
the current frame or adding tooltip text in the UI could help users
find the relevant constraint more easily.

More experienced users noted that adding a new constraint with-
out moving it in space caused the prediction to change. This differed
from their prior experience and caused confusion during the task.
Besides these limited difficulties, the users were able to generate
better results and preferred the better interpolation of NMR.

6 DISCUSSION AND LIMITATIONS

Animators use motion paths in editing software such as Maya [Au-
todesk 2024] and Blender to visualize the path of a joint through
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Fig. 7. Neural Motion Curves (NMCs) naturally integrate into conventional
authoring software such as Blender and Maya. The curves can also be used
in the graph editor extensively used by artists. For example, the user here
manipulates the arm rotation through the graph editor, causing the entire
unconstrained motion to be regenerated coherently.

time. However, motion paths use naive linear or spherical inter-
polation. As shown in Fig. 7, we implement neural motion curves
(NMCs) in the 3D viewport as the handles for NMR. This allows us
to visualize and manipulate the entire motion sequence based on
data statistics. While we can visualize any number of NMCs, we
found that beyond four curves the scene starts to get cluttered. Fur-
thermore, by visualising only a few curves, users can easily discern
the flow of the complete motion.

Since NMCs may overlap in 3D for cyclic or static motions, we
also implemented 1D NMCs in the graph editor, see Fig. 7. There
the time is unrolled for a precise temporal selection. These detached
1D NMCs are also better suited for rotational handles that do not
have an associated position in 3D space.

Due to using a learnt approach, our model suffers the same limita-
tion as [Qin et al. 2022] and other learnt motion models for satisfying
hard constraints. Even when some constraint is provided, the pre-
dicted output can contain some offset due to solving the Inverse
Kinematics problem implicitly within the model. Reducing this off-
set is critical to guarantee the artists a non-destructive workflow
as they are adding and moving constraints. Using an optimization
post process can help satisfy constraints more strongly but can lead
to unrealistic poses and slow down inference.

Another consequence of a learnt approach is that in an itera-
tive workflow, if a new constraint is added with the location or
orientation from the previous prediction, the new predicted motion
changes due to change in input. As also noted in the user study,
artists expect identical output, as generated by the traditional rig.

As such, our Neural Motion Rig does not yet offer as precise
control as traditional rigs required for production ready animations.
However, given the intuitive controls and large time savings in
generating rough animations shown by the user study, our interface
can be used for efficient layout and also by non-experts.

Due to using a local attention architecture, our current receptive
field grows only linearly. As animators add at least one keyframe
every 10 frames, this was not an issue in this work that supports
generating animations up to 30 frames. However to extend our work



to longer motion sequences, incorporating temporal pooling would
be required to maintain real-time control.

Another extension of our work could explore adding an area of
influence parameter for each intermediate constraint. By specifying
a spatial or temporal window where a constraint can have an effect,
artists can control the motion generated more closely.

7 CONCLUSION

In this work, we introduced SKEL-Betweener, a Neural Motion Rig
for authoring entire motion sequences from joint-level controls.
Our novel graph-based architecture and training scheme delivers
improved conformity to user controls, and enables motion editing;
which has never been shown before with neural motion models. We
designed our system to use constraint handles similar to familiar
traditional rigging handles and to be real-time to enable interactive
motion authoring. Through a user study, we validated that our
system enables faster and easier animating. We also show that our
model matches existing state of the art in motion inbetweening
and outperforms them in satisfying constraints and generalizing to
unseen configurations.
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