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Figure 1: An animation sequence (cyan) created with our Generative Motion Rig. Artists can use sparse keyframes (blue), click-
and-drag on neural motion curves (green), and sample different motions, enabling a new generative motion authoring paradigm.

Abstract

The recent success of generative modeling has led to entirely new
capabilities to author 3D motion. By manipulating only a few sparse
handles and poses, it is now possible to generate entire motion
sequences, at scale and with many variations. To bridge the gap
between model research and real-world integration, we developed
a Generative Motion Rig as a Blender plugin, built atop a general
motion model. Our rig supports a new “generative keyframing”
workflow, where artists author movements by manipulating sparse
poses, handles, window lengths, and noise sampling. We show in
our accompanying video how artists use these controls to rapidly
make a short animation. We also show how the same rig can support
generative motion editing, allowing one to edit and extend mocap
clips. Finally, we share insights and future challenges to help close
the gap between generative and traditional animation workflows.
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1 Generative Motion Rig

In this work, we describe the design of our Generative Motion Rig
(GMR), including the new workflows it enables, artist feedback, and
insights for bringing this novel authoring paradigm into animation
software.

Our GMR parameterizes motion with a single generative model
and provides familiar handles via a posing rig (traditional or learned
[Oreshkin et al. 2022]), together with sparse handles onto Neural
Motion Curves (NMCs) [Agrawal et al. 2024]. This enables a new
authoring experience, where complex motion can be sampled from
a few constraints and manipulated by intuitive click-and-drag op-
erations. The user additionally controls the generation length and
can sample motion variations.

Implementation: An overview of our system can be found in
Fig. 2. To integrate GMR into software such as Maya or Blender,
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Figure 2: Overview of the client (grey) server (blue) setup. The
UI (pink) reflects the constraints and the generated motion
that is visualized for the user and that the user can influence.

we use a client-server paradigm. This decouples the models run-
ning on a dedicated GPU server from the host software with its
often restrictive development environment, enabling flexible client
swapping to other animation platforms. When the user modifies
data influencing motion, such as keyframes, the changes are sent
to the server and the updated motion is returned to the authoring
software.

On the server, we use ML-Poser, a neural IK-model [Oreshkin
et al. 2022], to complete full-body poses from sparse joint con-
straints. For the motion model, the ML-Betweener module uses the
Implicit Bézier Motion Model (IBMM) [V6geli et al. 2025], which
leverages a Bézier representation that ensures temporal sparsity and
smoothness, aligning with traditional animation workflows. While
we showcase results with IBMM, our framework is compatible with
other generative motion engines [Cohan et al. 2024].

In the authoring software, we expose posing handles via an
armature and the NMCs for visualization and direct manipulation of
the generated motion. Each control point on the curves is a keyable
object editable in the 3D viewport or via the graph editor. To manage
visual density, users can toggle curve visibility, customize coloring,
and display time indices for each control handle. In addition, the
system provides access to relevant data including keyframes, spatial
constraints, temporal evaluation boundaries, and the initial noise
at each timestep. For storing the motion, we opted for a layered
approach such that poses and motion can be transferred between
the “generative layer” and the “traditional layer,” or mixed together
for motion editing. Lastly, the layers offer the user the flexibility of
blending or switching between them to compose the final motion.

2 Generative Authoring Capabilities

In the following, we highlight some of the capabilities that our
GMR offers for authoring motion.

Direct Control. Combining IBMM and NMC enables directly ma-
nipulating the generated motion (Fig. 3). A user can provide a com-
bination of sparse joint-wise constraints or full keyframes for con-
ditioning the generated motion. By translating sparse constraints
on the feet, the foot pattern can be easily changed. Or, by rotating
a single sparse hip constraint, one can change walking motion into
complex spinning or falling dynamics.

Noise Manipulation. GMR allows the user to resample the seed
noise, either for the full motion interval or more locally for a single
timestep. Additionally, resampling the positional part of the motion
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Figure 3: Visualization of our GMR in Blender with NMCs,
posing handles (cubes), keyframes (blue), and sparse con-
straints (pink). This sequence depicts motion extension and
the effect of editing with only three sparse constraints (be-
fore in red, after in green). The user-specified evaluation
boundaries are indicated in yellow on the timeline.

vector leads to different behavior than resampling the orientational
part. While the former can change the overall outline drastically,
the latter maintains the shape and changes the pose at that timestep.

Temporal Control. Animators can slide constraints—both sparse
handles and full-body keyframes—along the timeline to exert con-
tinuous control over motion dynamics. Moving a constraint earlier
in the timeline forces the model to hit that target sooner, effec-
tively speeding up the preceding motion. Thus, a walk can be easily
transformed into a sprint.

Motion Extension. Besides in-betweening, GMR also supports
motion extension, where the model predicts motion outside the
bounds of the given constraints. As shown in our video, this can be
used to continuously extend a clip forward in time by generating
new motion and shaping it with sparse constraint handles, while
maintaining freedom over the final pose.

Motion Editing. In addition to generating new motion, GMR
also enables editing existing animations by optionally sending a
base motion to be preserved by the ML-Betweener on the server,
as shown in Fig. 2. On the server side, the diffusion process is
guided towards the base motion using a custom inpainting strategy.
GMR gives users precise control over which parts of the motion to
maintain, and where to generate new motion conforming to the
given constraints. This generative motion editing concept can be
used for stitching, extending, and directly manipulating mocap—
providing a natural bridge to traditional animation techniques.

Animation Layering and Rig Switching. For seamless integration
with professional workflows, artists must be able to concurrently
utilize traditional rigs alongside our GMR within a single animation
sequence. This hybrid approach allows artists to iterate on the
timing and the layout using the GMR, subsequently transitioning
to more precise traditional rigs for further polish, such as to stylize
the motion and pushing it beyond physical realism. To facilitate
this, we build a rig-switching logic between the FK-controls of a
traditional rig and our GMR, as shown in Fig. 2. By building upon
existing switches between IK- and FK- controls, our system allows
the user to easily transfer poses between all three control types.
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Figure 4: Final constraints added by the two participants for
animating a zig-zag motion. The black silhouettes show full
body keyframes and the pink cubes show sparse constraints.

When switching from a traditional rig to GMR, we add the cur-
rent deform pose as a full body constraint. Hence, the motion gener-
ated by GMR conforms to the specified pose from the traditional rig.
Additionally, the user can use the synchronize mode where manipu-
lating the traditional rig immediately adds a full body constraint
to the GMR. Thus, artists can pose with traditional rig armature
but view the updated generative motion on GMR’s armature for
the current frame and on NMCs for the remaining frames.

Note that our rig generates a whole motion sequence as opposed
to the sparse per-frame information of traditional rigs. Therefore,
when switching from GMR to the traditional rig, transferring the
whole motion would add constraints on every frame, rendering the
traditional rig uneditable. Instead, we choose to transfer only the
current pose, as this allows the artist to pick out the key poses that
they want to transfer to their traditional rig for further polishing.

This choice also highlights a limitation of current motion gen-
eration models, where regenerating with a previously predicted
pose as a condition causes the generated motion to change. This
can cause a pop in the generated motion in synchronize mode, as
the transferred poses are added as new full-body keyframes.

Lastly, as GMR is an additional rig alongside a traditional rig,
the user can use standard animation tools to blend between each
rig’s influence across different parts of the sequence.

3 Workflows

This section details the different workflows discovered during vari-
ous tests and their compatibility with traditional workflows.

Freestyle Test. For this test, we tasked a professional artist to
create any animation of their choice using our GMR. As shown
in Fig. 1 and the accompanying video, the artist created a long
chase between two characters. For this example, the artist com-
bined keyframes, sparse manipulation of the NMCs, and sampling
motion and key poses from it in a “generative keyframing” work-
flow. Compared to cubic interpolation, our motion model results in
highly non-linear and natural movement. Note that this complex 22
second clip was authored in less than two days, including the time
required to learn the tool and storyboard the shot. The artist was
particularly happy with how fast it was to author the full motion,
especially in dynamic parts of the scene. However, they also noticed
challenges with polishing and finalizing. Additionally, the concept
of sampling different movements while having the window length
influence the motion is a novel and unfamiliar concept.
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Guided Test. In another test, we laid out a parkour scene with
obstacles and animation prompts. The test was conducted with
two users, one professional artist and one of the authors with no
animation experience. Both participants were given 1.5 hours to
complete the course with a 45 seconds animation.

While given identical instructions, we noticed varying workflows
between the two participants. The author, a non-artist, preferred
to visualize all NMCs and used a mix of full-body and sparse point
constraints to lay out the motion. In contrast, the professional artist
used ML-poser to lay out full-body keyframes and only used sparse
constraints for later cleanup. The final constraints added by both
participants are visualized in Fig. 4.

Given the flexibility of our rig, the two participants were able
to build their own workflows and successfully complete the task.
We include the final animations in our supporting video. While
there are differences in the resulting motions, we attribute them to
the large gap in the participants’ experience and not their choice
of workflow. It is worth noting that the non-artist would not have
been able to create a similar animation without our generative rig.

Motion Editing Test. We demonstrate the compatibility of GMR
with off-the-shelf motion capture systems such as Synth2Track [Buh-
mann et al. 2025] by editing a captured jumping sequence using the
motion editing functionality of our GMR. As shown in our video,
we can edit this temporally dense motion using the same controls
as for generating new motion. The final animation changes the
distance of the jump and adds a backward step.

4 Conclusion and Future Work

While we showcase a new system for generative motion authoring,
there are still many opportunities for future exploration. First, gen-
erative models are inherently bound by their training data, which
can limit artists when trying to achieve “out-of-distribution” move-
ments, such as non-physical dynamics and more stylized anima-
tions. While a layered approach is a first step that allows generative
and traditional animation to coexist in the same software, finding
the optimal way to blend these disparate sources without losing
physical or stylistic consistency remains an exciting area for future
exploration. Additionally, current state-of-the-art generative mod-
els require improved stability when adding new constraints for a
more seamless user experience. Lastly, scaling to more complex rigs
and different character morphologies remains an open challenge.
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