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Figure 1: Scheduled inpainting allows for multiple generative motion editing tasks within the same real-time framework, while resulting
in natural motion. We see here two clips in blue and red being stitched together (purple), extended (grey), as well as directly modified by
dragging points (yellow dots).

Abstract
Motion editing is central to VFX and game development, where it is used extensively to modify and augment existing movements
to conform to new environments or changes in artistic direction. While traditional motion editing can do small modifications,
it cannot accommodate larger structural edits, resulting in visual warping artifacts that require authoring new motion. Con-
versely, recent advances in large-scale generative modeling have unlocked newfound capabilities for authoring entire move-
ments by directly manipulating sparse spatial constraints. While impressive at creating new movements, these methods lack the
capability to preserve and edit existing motion interactively. In this work, we introduce scheduled inpainting, a method that
enables interactive generative motion editing, a novel paradigm unifying motion synthesis and editing by leveraging generative
models. Scheduled inpainting is a simple yet powerful inference-based technique that enables fine-grained spatiotemporal con-
trol over the balance between preserving the original motion and generating new content. By building atop generative models
that support direct manipulation, our system allows artists to interactively refine existing animations while ensuring results
remain natural and consistent with the learned motion distribution. Scheduled inpainting is versatile and supports many editing
applications, such as extending, stitching, and compositing different clips. Finally, we extensively validate our approach by
comparing with four baselines, conducting ablations of our design, and reporting user feedback.

CCS Concepts
• Computing methodologies → Artificial intelligence; Animation; • Human-centered computing → User centered design;

1. Introduction

High-quality motion is both time-consuming and challenging to au-
thor and acquire. Motion editing is often used in game and movie
productions to fix, alter, or augment movements, but is limited to
small changes and often results in unnatural motion due to warp-
ing when larger structural changes are required. For example, sub-

stantial manual effort is required to maintain physical plausibility
when changes in the height of a platform cause the character to
jump down instead of stepping down, as shown in our accompany-
ing video.

Recent advances in generative motion authoring allow users
to create entire motions either via textual [TRG*23; TCL23;
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STKB24] or spatial [SAB*24; HBLK25; VAG*25] conditioning.
Among these models, only spatially conditioned models can inter-
actively modify their own output via direct manipulation of sparse
spatial constraints. Crucially, no prior model has demonstrated in-
teractively editing existing motion clips; that is, motion sequences
from another source and not generated by the model itself. The
closest existing works for generative motion editing include Mo-
tionFix [ACD*24] and MotionLab [GHSZ25], which edit using
text commands. However, text is a coarse condition modality and
does not allow interactive spatial control, which is essential for
artists who require precision when manipulating movements.

In this paper, we introduce a novel workflow that we call interac-
tive generative motion editing. In contrast to the limited and coarse
control offered by prior motion editing systems, interactive gener-
ative motion editing enables large-scale structural changes to exist-
ing animations—such as extension, stitching, and composition—
while simultaneously allowing users to manipulate these motion
sequences both spatially and temporally. Moreover, it combines
synthesis and editing into a common framework, allowing artists
to seamlessly switch between creating and editing animations.

To solve this task, we introduce scheduled inpainting, a novel
inference-based technique that extends pretrained generative mo-
tion models with the ability to edit existing movements—without
requiring any additional training and at virtually no additional com-
putational cost. By dynamically blending source motion at infer-
ence time, we leverage the generative prior of these models in a
controllable way, enabling both large and small edits, while consis-
tently resulting in natural motion.

While simple inpainting [TRG*23; TCL23] and blend-
ing [STKB24] have been explored for motion generation, these
methods render the inpainted parts of motion completely uneditable
and uncontrollable, making them problematic for generative mo-
tion editing. Beyond extending naive inpainting, our primary con-
tribution lies in building the first comprehensive framework that
solves this novel task. More specifically, our scheduled inpainting
framework comprises three components: a user-controlled sched-
ule that modulates the amount of preservation, a spatiotemporal
strength mask controlling the location of the preservation, and a
robust representation space optimized through extensive ablations
to enable compositing movements from very different global ori-
entations and scales. Although simple, our framework is versatile
and supports many applications. By configuring the spatiotemporal
mask, artists can alter movements directly and procedurally, as well
as stitch, extend, and compose clips, as shown in Figure 1 and our
accompanying video.

In summary, our main contributions include:

• Interactive Generative Motion Editing: A novel generative
workflow that simultaneously allows structurally editing and in-
teractively manipulating existing animations.

• Scheduled Inpainting: An inference technique that extends bi-
nary inpainting with a user-controllable schedule and a user-
defined spatiotemporal mask to enable the first framework ca-
pable of interactive generative motion editing.

• Unified Motion Framework: A versatile system with animation
software integration that solves a wide range of animation tasks,

including stitching, extension, and composition, within a single
interactive framework.

To our knowledge, scheduled inpainting is the first interactive
system for generative motion editing. To evaluate its performance,
we compare with several adapted baselines, including noise inver-
sion [SME22] and noise optimization [KPA*24], and ablate key
design choices. We further demonstrate our system’s capabilities
through a series of results in our supporting video and report qual-
itative feedback from professional artists.

2. Related Work

Seminal work in motion editing introduced layered cubic spline
interpolation [WP95] and remains the standard in many authoring
and game engine software [Aut25; Hou25]. While both optimiza-
tion [Gle97; LS99] and statistical models [CH07; MCC09] have
been explored to go beyond warping movements, they could not
generalize to large datasets, and could not make big changes due to
local minima issues.

Recently, advances in deep learning, in particular diffusion mod-
els, have enabled training on large datasets that incorporate a vast
range of motion into a single model. The first wave of motion
diffusion focused on text conditioning [TRG*23], while subse-
quent efforts led to a vast expansion into different capabilities
such as contact-aware generation [MCZT24], multi-character in-
teraction [XFHH25; WMZ*25; RBP*25], keyframe-centric gener-
ation [BHL*25; GZLF25], sketch-based conditioning [ZGX*25],
and multi-modal conditioning [ZWM*25; LCZ*25; LHS*25]. Bi-
nary spatiotemporal masks over frames and joints have been used
as training-time objectives or conditioning for generating new mo-
tion [PSK*25; Che24; TGN*24; CTR*24]. While these models are
powerful generators, they are not designed for preserving and edit-
ing existing motion.

2.1. Direct Manipulation Models

Most related to our work are models focused on interaction such as
CondMDI [CTR*24], which enable interactive authoring by con-
ditioning on full-body keyframes or joint trajectories. Studer et
al. [SAB*24] and Vögeli et al. [VAG*25] showed that compressing
the motion representation spatially and temporally improves con-
straint satisfaction, allowing for both efficient and precise manipu-
lation. Similarly, Hwang et al. [HBLK25] use a two-stage approach
but adopt a slower generative model instead of the efficient neural
IK model [OBH*22] used in previous methods. While these mod-
els can interactively modify their generated motion, they cannot
edit an exemplar motion clip in a structure-preserving manner. A
related line of work targets real-time interactive control of motion
diffusion models [SWJ*24; GvdPH25], but likewise steers online
generation rather than editing an existing clip.

2.2. Motion Editing

To our knowledge, the only model explicitly designed for motion
editing in a direct manipulation setting is the work of Agrawal et
al. [ABB*24], which trains a deterministic motion editing model
(which is limited to smaller datasets). Their technique also requires
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Figure 2: Overview of our scheduled inpainting for interactive generative motion editing. A user can specify which motion should be used
(red and blue), as well as control where and how much the motion should be preserved via controls impacting the spatiotemporal mask,
which in turn dictates the schedule.

training a specific model, in contrast to our approach that works at
inference with different pretrained diffusion models.

Text-based motion editing has been explored using LLM-
extracted keywords to guide motion generation [ZLC*23;
HWY*24]. Chen et al. [CLD*24] then showed that modifying the
attention between motion and word tokens could replace, erase, and
re-sequence parts of movements. Recently, MotionFix [ACD*24],
STANCE [JLY*25], and FineMotion [WXD*25] released motion
editing datasets with triplets of original motion, text, and final mo-
tion. To improve quality, Jiang et al. [JLY*25] explored leveraging
unannotated data, Guo et al. [GHSZ25] jointly training for edit-
ing and synthesis, while Li et al. [LCG*25] explored predicting the
similarity between edited and original motion. Although text-based
motion editing is useful to make broad changes, it does not provide
the fine-grained and direct spatial control artists need in order to
achieve their full vision.

2.3. Inference-based techniques

These were first developed in the image domain working alongside
StableDiffusion [RBL*22]. Shi et al. [SXL*24] use DDIM noise
inversion [SME22] to recover the latent code for a given image, to
then optimize in latent space to match displaced points on the im-
age. Similarly, Liu et al. [LXY*24] optimized the added noise to
perform edits. In the motion domain, optimizing the initial noise
for better control was explored by Karunratanakul et al. [KPA*24].
While it is possible to edit movements once inverted, the optimiza-
tion is too costly to enable iterative workflows. Each time an artist
needs to edit a different motion, a new offline optimization is re-
quired, breaking real-time workflows and preventing fluid interac-
tions. In contrast, our inpainting approach operates at a constant
cost and allows for larger changes in real-time.

3. Scheduled Inpainting

To achieve the full potential of what we call interactive genera-
tive motion editing, we need spatial control over the amount of

preservation and generation. While inpainting an example clip dur-
ing inference is an obvious choice for its efficiency, we observed
it completely replaced the generated motion, resulting in unnatural
transitions and leaving no flexibility to edit.

We introduce a user-controllable schedule that modulates the in-
painting strength and then augment it with a spatiotemporal mask
that provides control over regions of generation and preservation.
Note that in order to support direct manipulation, we focus our ex-
position and results on models such as IBMM [VAG*25] and SF-
control [HBLK25]. To achieve consistent movement alignment, we
carefully construct a normalization state as a naive approach of in-
painting clips from disparate spaces, like a front roll with a back
roll, would introduce spurious motion artifacts.

Figure 2 shows an overview of our method. Formally, sched-
uled inpainting works with an example motion, which we call base
motion Mbase, with T frames and J joints, together with a set of
user-defined constraints C. Our inference-based method operates
with a diffusion model j, and we refer to the generated motion as
M0

gen = j(C,Mt
gen) where Mt

gen is the noisy motion according to
the diffusion timestep t. The inpainted motion at timestep t is then
given by:

M̂0
gen = a

t ×Mbase + (1−a
t)×M0

gen (1)

with a
t = a

t
time ×amask, (2)

where a timestep-regulated scalar a
t
time and application mask amask

modulate the inpainting strength. The input to j at timestep t is then
M̂t

gen instead of Mt
gen.

3.1. Inpainting Schedule

The temporal scalar a
t
time controls the strength of inpainting

through the diffusion process. It is parameterized by two user-
controlled variables ss and se that define the start and the end of
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Figure 3: Conceptual overview of our spacetime mask amask for
the different motion editing applications using two different mo-
tions (red and blue): direct manipulation with full-body and sparse
constraints (green), extending (grey), as well as stitching, and com-
positing clips.

the schedule respectively. It is de�ned as:

at
time =

8
><

>:

1 ss < t
t�s e

ss�s e
se � t � s s

0 t < s e

: (3)

Hence, for noise levels larger than ss, the generated motion is com-
pletely overwritten by the base motion Mbaseand conversely, for
noise levels lower than se, no inpainting is applied. Between the
two noise levels, we linearly interpolate between the base and gen-
erated motions. By manipulating ss=e, a user can set the strength of
preservation versus generation during inference. Note that we show
the effect of different schedules ss=e in Section 5.3.1.

3.2. Spatiotemporal Mask

The spatiotemporal mask amask2 R T�J in Eq. (2) weighs how
much the base motion should be preserved, both per joint j and
per frame t. It can be constructed differently to support various ap-
plications as shown in Figure 3. For simplicity of exposition, we
focus here on constructing a direct manipulation mask and defer to
Section 4 for remaining applications.

By default, scheduled inpainting completely preserves the base
motion and our spatiotemporal mask is set to 1. To manipulate the
motion at a user-speci�ed joint location called constraint ci 2 C, we
modify the mask to reduce the inpainting weight in the neighbor-
hood of the constraint, with user-controllable kernel functions, as
shown in Figure 4. Given constraints C, we construct the mask with
the following equation:

G( j; t;ci) = exp

 

�
(t � FrameIdx(c i))

2

µci

!

(4)

amask( j; t) = max

 

1 � å
ci2C

G(t;ci);0

!

; (5)

where the user can control the in�uence width via the scalar µci ,
and the max function ensures the mask is never negative.

3.3. Inpainting Space

Naively mixing two unrelated motions can lead to unwanted arti-
facts. For example, mixing two clips that start at the same position

Figure 4: An example of the spatiotemporal mask amaskfor a single
joint when a user manipulates two constraints at frames 35 and 55.
The motion is allowed to be generated in these areas, and is steered
towards preservation in other parts of the timeline.

but walk away in opposite directions results in an average motion
that is mostly static near the starting position. Or mixing two clips
that are of very different speeds introduces discontinuities in accel-
erations.

Therefore, when inpainting Mbaseonto M 0
gen, it is important to

align and normalize both sequences to avoid such artifacts. First,
we align each motion such that the �rst frame is at the origin, and
the direction from the �rst frame to the last is along the positive x-
axis. Additionally, we individually normalize both sequences to 0
mean and 1 variance to ensure that the two motions are on the same
scale during blending. To avoid discontinuities when extending or
mixing animations, we represent the root using differential coordi-
nates, together with root-relative positions and orientations for the
remaining joints.

Note that our representation space is independent of the pre-
trained model's representation space and normalization. As j gen-
erates clean motion at each diffusion timestep, we transform the
generation into our representation space for blending before in-
verting to the model's native representation. Hence, the pretrained
model is completely ignorant of our alignment and normalization,
which are applied in addition to any of its own data processing.

We show ablations of the different components of our inpainting
space in Section 5.3.2 and Appendix B.

4. Applications

By constructing amaskin Eq. (2) differently, our scheduled inpaint-
ing technique can enable a number of generative motion editing
tasks, as shown in Figure 3—each time enabling sampling varia-
tions due to the underlying generative motion. In Section 3.2, we
described forming a direct manipulation mask and now turn to de-
scribing generative extension, stitching, compositing, and retiming.

4.1. Motion Extension

A given motion sequence Mbaseof length T can be expanded by
Te frames at any position by setting the strength mask aextend2
R(T+Te)�J to 0 for the interval [ts; te), which de�nes the region
where the new motion is generated:

aextend[t; :] =

(
0 ts � t < t e

1 otherwise
: (6)
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