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Abstract. Visual feedback is critical for motor skill acquisition in sports
and rehabilitation, and psychological studies show that observing near-
perfect versions of one’s own performance accelerates learning more
effectively than watching expert demonstrations alone. We propose to
enable such personalized feedback by automatically editing a person’s
motion to reflect higher skill. Existing motion editing approaches are
poorly suited for this setting because they assume paired input-output
data—rare and expensive to curate for skill-driven tasks—and explicit
edit guidance at inference. We introduce ExpertEdit, a framework
for skill-driven motion editing trained exclusively on unpaired expert
video demonstrations. ExpertEdit learns an expert motion prior with a
masked language modeling objective that infills masked motion spans
with expert-level refinements. At inference, novice motion is masked at
skill-critical moments and projected into the learned expert manifold,
producing localized skill improvements without paired supervision or
manual edit guidance. Across eight diverse techniques and three sports
from Ego-Ex04D [15] and Karate Kyokushin [52], ExpertEdit outperforms
state-of-the-art supervised motion editing methods on multiple metrics of
motion realism and expert quality. Project page and benchmark available
at: https://vision.cs.utexas.edu/projects/expert_edit/
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1 Introduction

Imagine watching a video of yourself performing a layup, but with the smooth
form, cadence, and precision of an NBA-level player. The shot still rises from your
hands and arcs toward the basket, yet your body moves with trained efficiency,
timing and rhythm, capturing the expert nuances of a player who’s practiced
thousands of times. Just as Auto-Tune subtly corrects a singer’s pitch by a
semitone while preserving their vocal timbre and phrasing, this imagined edit
auto-tunes your motion: infusing expert-like form into your exact execution while
preserving your gross movement path and orientation in space.

Such personalized edited video has broad applications. Psychological research
on video self-modeling shows that observing near-perfect versions of one’s own
performance improves motor skill acquisition, confidence, and retention [46,50,51].
Seeing one’s own body perform with expertise engages the perceptual-motor
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Fig. 1: Skill-driven motion editing. Given a 3D motion sequence extracted from
a novice activity video, ExpertEdit produces personalized skill edits by refining poses
within regions where skill differences are pronounced. Our model tweaks them to exhibit
expert-like precision and form, while preserving the original execution’s motion path and
body orientation, as well as its source poses at all non-skill-critical moments. We learn
to perform these edits solely from expert videos, without paired supervision or heavy
edit guidance from text or reference motions—whether during inference or training.
Preserved source poses are shown in blue; edited poses are shown in orange.

system more effectively than watching another person. This means personalized
motion editing would be especially valuable for Al coaching, where individuals
could receive feedback by viewing improved versions of their own movement
within the original scene and viewpoint. Beyond coaching, such editing could help
actors appear more skilled in stunts or choreography without body doubles, allow
users to enhance their own performances (e.g., TikTok dances), and could even
be used to refine the vast web of amateur activity footage into higher-quality
human demonstrations for downstream robotics applications.

Despite this promise, skill-driven motion editing exposes a fundamental
limitation of existing methods. Prior motion editing approaches assume either
explicit edit conditioning—via text descriptions or reference clips [27, 30,32, 55,
56, 73]—or access to large-scale motion-text-motion triplets [5,8,27]. While these
assumptions are reasonable for coarse edits (e.g., walking to dancing), they break
down for skill refinement, where the goal is to improve execution of the same
action rather than alter the action itself. Creating such supervision for skilled
activities requires expert knowledge and significant manual effort. For example,
MotionFix [5] constructs candidate motion pairs through large-scale motion
similarity search followed by human annotation of edit descriptions, yet over
55% of candidate pairs are rejected as ‘too similar’ for labeling. Extending such
pipelines to skill refinement would additionally require domain experts capable
of diagnosing and describing subtle execution errors, making annotation difficult
to scale. Consequently, no large-scale paired novice-expert motion dataset exists,
and skill annotations remain scarce. At inference time, adapting the existing
editing methods would require a human expert-in-the-loop to provide detailed
text corrections or precisely aligned reference clips—precisely the form of feedback
that Al coaching seeks to automate.
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We therefore introduce ExpertEdit for skill-driven motion editing: given a
novice motion sequence, ExpertEdit transforms it into an expert-like performance
(Fig. 1). Unlike traditional motion editing formulations, our goal is to improve
execution of the same action—transforming a novice performance into an expert-
like one—while preserving the actor’s identity and overall motion structure.
Crucially, this process must operate without explicit edit guidance or reference
demonstrations. In particular, we design ExpertEdit so it can be trained solely
on unpaired expert motion and operate fully conditioning-free at inference time.
By learning directly from expert demonstrations, our approach eliminates the
need for paired supervision, expensive data curation, or explicit ‘correction’
annotations.

Our key idea is to cast skill refinement as contertual motion infilling. During
training, ExpertEdit learns to reconstruct spans of motion using a masked
language modeling (MLM) objective. Rather than masking arbitrarily, spans
are centered around kinematic peaks—identified via simple motion statistics
such as velocity or acceleration—where execution quality is most pronounced
(e.g., takeoff in a layup). At test time, the same criteria select segments of a
novice execution for infilling with expert-like refinements, effectively projecting
key phases of novice motion onto the learned expert motion manifold.

Evaluated on eight diverse techniques spanning basketball, soccer, and karate
across two datasets, ExpertEdit consistently outperforms state-of-the-art motion
editing methods [5, 30, 32] across multiple metrics of expert motion quality and
realism, despite requiring no edit guidance at inference. These results establish
skill-driven motion editing as a new capability for motion editing.

2 Related Work

Skill assessment from video. Skill understanding in video has been a longstanding
challenge, with early benchmarks and methods for action quality assessment
(AQA) in domains such as diving [43,61], strength training [41,70], and figure
skating [34]. Recent works expand this focus to multi-view, multi-agent sports
including soccer [15,39,47,68] and basketball [4,15,40,59]. Early AQA works [42]
treated skill as a regression task, while later efforts adopted ranking- and graph-
based approaches for greater robustness [11]. More recent systems incorporate sub-
action labels for procedure-aware evaluation [62]. Self-supervised approaches [9,41]
learn skill-sensitive motion representations from unlabeled data using priors like
periodicity and cycle-consistency. Recent work leverages narrations or assessment
rubrics [38,60,74]. However, these works focus on assessing or ranking skill rather
than modifying motion to improve its execution quality. We address a generative
problem: transforming novice motion into expert-like performance without paired
supervision or explicit edit guidance.

AT coaching from video. Recent work in Al coaching seeks to move beyond skill
assessment by generating actionable feedback from video in the form of text
commentary or reference clip retrieval. Several approaches generate corrective text
suggestions based on pose deviations or visual analysis [2,3,67,69]. PoseTutor [10],
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for example, highlights incorrect joint locations in static exercise images, relying
on classifiers trained on labeled pose categories. Other works compute angular
joint deviations between a source performance and an aligned expert reference to
generate corrective text [13] or pose edits [7,33], requiring frame-level alignment
with expert demonstrations. Retrieval-based systems such as Vid2Coach [24]
provide step-level feedback for procedural tasks by leveraging large collections
of visual and textual how-to resources. More recently, ExpertAF [3] learns skill-
corrective pose edits from paired novice—expert motion sequences annotated
with expert commentary. In contrast to these approaches, which depend on
text guidance, expert reference pairs, or supervision, ExpertEdit learns to refine
motion directly from unpaired expert demonstrations. Our method generates
skill-improved motion without requiring expert-provided commentary, frame-level
alignment, or paired novice—expert samples during training.

Motion style transfer. Motion style transfer re-synthesizes a source motion
sequence with stylistic characteristics derived from a reference motion. Classic
approaches formulate this as a motion-style disentanglement problem using
GANSs [12], autoencoders [1,21,25,53], or transformers [29]. Other work transfers
motion across characters with different skeletons using kinematic constraints [57],
and diffusion-based approaches perform motion-to-motion translation driven by
reference style signals [22]. While effective for global attributes such as identity
or affect, these approaches rely on synchronized reference motions at inference
time. In contrast, ExpertEdit projects novice motion into the learned expert-style
motion manifold at inference, refining novice execution without reference clips or
explicit style signals.

Instruction-driven motion editing. Text-driven motion editing has recently
emerged as a popular paradigm. Recent methods apply transformer-based diffu-
sion models to SMPL motion sequences, editing motions using low-level kinematic
text prescriptions [8,32] (e.g., “raise the right arm by 15 degrees") or discretized,
code-level motion editing operators [14]. Other works treat motion as a lan-
guage modeling task, generating sequences autoregressively [27,37,71], with
masked token modeling [16], or jointly with text [26,58]. Other motion editing
approaches animate actor images or video clips conditioned on motion from
pose sequences [6,23, 35,63, 76,77] or paired video clips [55, 56, 66]. While ef-
fective in human-in-the-loop settings, these approaches rely on privileged text
or reference clips to guide the desired modifications. In contrast, ExpertEdit
learns skill-driven motion refinements by observing expert demonstrations, and
automatically determines where and how a novice execution should be improved.

3 ExpertEdit

We explore skill-driven motion editing: the automatic transformation of a novice
3D motion sequence into an expert-like execution of the same action and duration,
without text prompts, reference clips, or user-specified pose corrections.

Our goal is to synthesize body motion that exhibits expert-level precision
and control while preserving the actor’s global translation, root orientation, and
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Fig. 2: ExpertEdit approach. We tokenize expert pose motion sequences and mask
the key action phase as determined by task-specific kinematic criteria. We train a
bidirectional transformer, MotionInfiller, to predict the expert pose tokens at the
masked positions. At inference, we mask skill-critical action phases in a novice motion
(see Sec. 4) and infill these regions with expert-like motion.

overall body shape. We operate in 3D pose space, abstracting away scene context
to focus on execution quality encoded in body kinematics. While scene context
(e.g., distance to the hoop/net, position of the ball in basketball) influences an
action, the quality of its execution is concentrated in body pose dynamics.

Rather than replacing the motion entirely, we perform temporally localized
pose edits centered on kinematically defined phases of the action, leaving the
remaining frames unchanged. We discuss this procedure later. The result is a
smooth motion sequence that preserves the source execution’s trajectory and
identity, while reflecting expert-level form at key phases of the action where skill
differences are pronounced.

3.1 Task formulation

We represent a motion sequence as

X = {(rtvotvpt)}z;lv

where T is the sequence length, r, € R? denotes the global translation, o, € R3
denotes the root orientation (in axis-angle form), and p; € R3’ encodes the
axis-angle rotations of J skeletal joints at time ¢. The number of joints J depends
on the underlying pose representation (e.g., SMPL [36] or dataset-specific motion
capture systems), but our formulation is agnostic to this choice.

Given a novice motion sequence X"V demonstrating a particular skilled
technique 7, our goal is to generate an edited motion sequence X°i* of the same
duration that reflects expert-level quality in the same execution. Importantly,
we preserve the source execution’s global translation trajectory {r;}]_; and root
orientation {o;}7_;, restricting edits to the joint rotations p; during selected
motion phases. This ensures that the edited motion remains anchored to the
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original actor’s motion path and movement structure while improving the skill
level of the execution. To do this, we learn a mapping

]:g : RTXSJ — RTX3J7 lsl:T = feT(Pl:T>7 (1)

where p; denotes the refined joint rotations for frame ¢, and J is the number of
skeletal joints. For each frame, we construct the edited motion as

X‘tadit = (rta O¢, pt)v

where the root translation r; and root orientation o, are directly copied from the
input sequence. This preserves the actor’s body shape, spatial trajectory, and
orientation while allowing expert-like quality to emerge through learned body
pose refinements across the motion sequence.

While temporal pacing and speed contribute to expertise, we preserve the
input sequence’s duration and overall rhythm when editing motion, focusing the
model on correcting joint coordination at skill-critical phases rather than altering
the global tempo of the movement.

Technique criteria. ExpertEdit operates on action-centric motions corresponding
to goal-directed athletic techniques such as a reverse layup, penalty kick, or a
martial arts strike. These actions exhibit a relatively consistent execution structure
across performers, making them well suited for learning expert motion priors. A
key property of techniques is the presence of an operative moment, a temporally
localized event that determines the success of the action (e.g., ball release in a
layup, or foot-ball contact in a penalty kick). The surrounding motion trajectory
is organized around this moment, producing a canonical temporal structure
shared across performers. We automate extraction of technique instances using
text similarity between grounded narrations and technique operative moment
descriptions (details in Supp.). In practice, technique instances can be identified
within untrimmed recordings using grounded action annotations or narrations,
or other temporal metadata commonly available in modern video datasets.

3.2 Approach

We approach skill-driven motion editing as the problem of learning an expert
motion manifold from unpaired expert demonstrations, and using it to locally
refine novice executions. Rather than generating motion from scratch, our goal is
to project skill-critical phases of a novice sequence onto the manifold of expert
motion while preserving the actor’s global trajectory, orientation, and body
configuration. We achieve this through contextual motion infilling: the model
learns to reconstruct masked segments of expert motion during training, and at
inference selectively replaces critical phases of a novice sequence with expert-like
refinements conditioned on surrounding motion context. This formulation enables
localized, personalized skill enhancement without requiring paired novice—expert
data, text instructions, or reference demonstrations.
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At a high level, ExpertEdit has three steps: (1) learn a discrete expert-motion
vocabulary, (2) train a bidirectional infiller to reconstruct kinematically selected
expert motion spans, and (3) apply the same mask-and-infill procedure to novice
motions at inference. See Fig. 2.

We first train a Pose Tokenizer on expert motion sequences, learning a
codebook of discrete, skilled motion tokens. We then train a bidirectional trans-
former, MotionInfiller, on tokenized expert sequences with a Masked Language
Modeling (MLM) objective to infill kinematically selected windows of skill-critical
moments conditioned on both past and future motion. At inference, we use the
same kinematic criteria (defined below) to identify skill-critical moments in a
novice sequence, and let the model infill those regions with expert-like poses
accounting for the context of the surrounding novice poses. We retain the novice
pose at unmasked regions, allowing the model to produce locally expert-like
motion while retaining the actor’s global trajectory and execution rhythm. Each
component is described in detail below.

Pose tokenizer. We adopt a Transformer-based VQ-VAE [37] with causal self-
attention as our Pose Tokenizer, where each encoded latent depends on the
temporal history of preceding poses. Unlike frame-wise quantization, this formu-
lation preserves temporal coherence and encodes motion dynamics directly into
the latent sequence. Given expert motion sequence

X = {(r{™, 07, p )Moy,

we concatenate the root translation, root orientation, and joint rotations at each
frame into a pose feature vector x;*¥ = [r;*P, 07", p;P] € RT3/, The encoder
Ey4 produces a sequence of latent vectors Z = [Z1,...,2r] where each latent z,

attends only to the motion up to time ¢:
Zy = E¢ (Xegxtp) = fenc(xixpa Attncausal(xixtp))7 (2)

where Attncausar denotes transformer blocks with causal masking that restrict
attention to prior frames. Each latent is then quantized to its nearest code in the
learned codebook & = {e, }X_,:

{—arguin o - el % = Dafers). g

where Dy is a causal Transformer decoder that reconstructs each frame condi-
tioned on the current and previously decoded tokens, X, = Dy(e<;). The model
is trained using the standard VQ-VAE loss:

Lvq = [Ix™ — %[5 + [Isg[Es (xZ)] — ex; |15 + B Eo(xZF) — sglew: 113, (4)

where sg[] is the stop-gradient operator and g is the commitment weight. The
tokenizer learns a discrete motion vocabulary in which each token encodes a
short-term motion primitive, and a sequence of tokens is represented as k =
[k1,...,kr], ki €{1,...,K}. The decoder D, provides a geometry-consistent
inverse mapping from tokenized motion back to full motion space.
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Motion infilling. To perform context-conditioned motion editing, we adopt a
masked language modeling (MLM) objective. Given tokenized expert motion
sequence kP = [k7P ... k7P], where k7P € {1,..., K} during training, we use
kinematic criteria to select a skill-critical motion peak index t*, described later.

We then define a masked span length ¢ = max(2, |aT|), where o € (0,1)
controls the maximum proportion of the sequence to mask, and replace the
corresponding token segment [kySP, .. EZY, ], b= ng centered at t* with
learned [MASK] tokens. This embedding is excluded from the output token
vocabulary. The model is then trained to reconstruct the original tokens in the

masked region given the unmasked temporal context on both sides:

t*+h
Lym = — Z log pa(k;™ | ki)[(gfh:tﬂrh])’ (5)

i=t*—h

where pg(+) is the transformer’s predicted probability over the token vocabulary
of size K. This cross-entropy loss encourages the network to infer contextually
consistent motion that bridges masked spans with smooth and biomechanically
valid transitions. We refer to this bidirectional transformer as MotionInfiller.

ExpertEdit is technique-specific by design. For each technique 7 (e.g., reverse
layup, penalty kick), we train a separate Pose Tokenizer and MotionInfiller using
the same architecture and objective. This lets each model learn a focused expert
prior over a coherent motion family. This specialization is lightweight in our
setting: adding a new skill requires only unpaired expert demonstrations, not
paired novice—expert samples or per-instance text edits. Thus, technique-specific
training gives the benefit of sharper expert priors without the annotation burden
of constructing a paired, heterogeneous multi-skill correction dataset.

Kinematic phase selection. Skill differences in physical actions typically con-
centrate around a small number of biomechanically critical phases (e.g., takeoff
in a basketball layup, ball contact in a soccer penalty kick). To discover these
phases automatically, we compute a scalar kinematic signal h(t) over the motion
sequence, derived from interpretable motion statistics such as vertical root ve-
locity, joint acceleration, or jerk magnitude. The peak of this signal defines the
skill-critical index
t* = arg te{mlﬁ?fT} h(t).

We then center the masked span at t*, as described earlier. The choice of
kinematic signal is skill-specific but requires no paired supervision: for each
technique, we select a motion statistic that consistently identifies the execution
phase where skill differences are most pronounced, based on visual inspection of
expert sequences (see implementation details in Sec. 4). Alternatively, one could
automate this statistic choice, e.g., using LLM-proposed body-part signals per
drill name, analogous to our LLM-derived operative phrases and extraction offsets
(see Supp.). The same criterion is applied during both training and inference,
ensuring that the model learns to refine precisely those phases where execution
quality is most strongly expressed.
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Training and inference. For each technique, we first train a pose tokenizer on
trimmed expert motion clips using Eq. (4). We then train MotionInfiller on
tokenized expert sequences using the MLM objective in Eq. (5). At inference, we
input a novice motion sequence X"°V to the pose tokenizer E4 to produce a token
sequence k" = [k°V, ... k5°V]. We then identify the skill-critical phase index
t* using the technique-specific kinematic criterion and replace the corresponding
centered span with learned [MASK] embeddings. MotionInfiller one-shot infills
expert motion tokens in the masked region, producing edited token sequence k.
Finally, Dy reconstructs the edited motion sequence X = {(r¢, 04, P¢) } -, from K,
where root translation r; and orientation o; are copied from the input sequence
and joint rotations have been edited (cf. Sec. 3.2).

4 Experiments

Datasets. We evaluate ExpertEdit on eight diverse techniques across three
sports—Basketball, Soccer, and Karate—from two datasets, Ego-Exo4D [15] and
Kyokushin Karate [52]. We focus on sports datasets that capture wide variation
in skill levels within a technique, enabling us to isolate expert executions for
training and novice executions for evaluation.

Ego-Exo04D [15] is a large-scale dataset of skilled human activity covering
diverse physical activities and skill levels, with timestamped, free-form narra-
tions. Ego-Exo04D offers person-level proficiency score annotations in addition
to grounded action narrations. We use "Late Expert" videos for our expert
training set and "Novice" actor clips in the pairs for evaluation. We leverage
all activities in Ego-Exo4D that exhibit a canonical motion path (see technique
criteria, Sec. 3.2): Mikan layup, Reverse layup, Mid-range jumpshot (basketball),
and Penalty kick (soccer). We curate a training set of over 24k expert video clips
(see Supp.) All motion sequences are extracted from exocentric views.

Kyokushin Karate [52] contains 1411 mocap recordings of 37 subjects
performing four karate techniques: Reverse Punch, Spinning Back Kick, Front
Kick, and Roundhouse Kick. The dataset contains 3229 single kicks and punches
captured at 250 Hz. Each performer has a proficiency grade ranging from 9th
kyu (least skilled) to 3rd dan (most skilled). We reclassify each sample as Expert
(1st-3rd dan and 1st-3rd kyu) or Novice (6th-9th kyu). The train/val expert set is
partitioned at the subject level to prevent the model from exploiting actor-specific
motion idiosyncrasies.

4.1 Constructing a paired test set for evaluation

To evaluate expert-like motion editing, we construct a high-quality testbed of
temporally-aligned novice-expert pairs across both datasets. This allows us to
compute frame-level motion quality metrics. Constructing skill-aligned pairs for
evaluation follows recent precedent in prior coaching feedback work: ExpertAF [3]
similarly builds novice—expert video pairs (there for training). In contrast, we
use manually verified novice-expert pairs only for evaluation.
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Novice = Expert =
Fig. 3: Example novice—expert pseudo-pair sequence in our testbed. See text.

For each trimmed novice clip, we retrieve £ = 3 expert clips within the
same technique using similarity computed over available metadata (temporally
annotated narrations e.g., " C shoots a layup into the net with his right hand" for
Ego-Ex04D and motion similarity for Kyokushin Karate). Pairing each novice
with multiple expert references mitigates the effect of any single outlier pairing
and captures natural variation in expert execution. While Karate techniques
follow highly canonical forms such that pairs exhibit natural temporal alignment,
basketball and soccer techniques exhibit greater variation in player distance
to the ball or basket and starting position. To account for this variation, we
temporally align each novice—expert pair using Dynamic Time Warping (DTW)
on pose distance and resample the expert sequence to match the novice length.
To address chirality asymmetries (e.g., opposite shooting hand), we compute
alignment cost for both the original and sagittal-mirrored expert motion and
select the lower-cost alignment.

While we use these pairs only for evaluation, when fine-tuning supervised base-
lines, we separately construct a larger set of pseudo-pairs from the target datasets
using the same retrieval procedure as above, but without expert verification
or DTW alignment. This ensures baselines have target-domain paired expo-
sure while avoiding expensive and unrealistically clean training samples—dense,
human-verified, frame-aligned corrections—that ExpertEdit never receives.

Human validation of evaluation pairs. The pre-processed Karate Kyokushin
dataset clips are trimmed at the atomic action level [48], have formally defined
proficiency ranks, and exhibit highly canonical forms, allowing us to form high-
quality pairs from the existing trimmed clips. For our pseudo-pairs constructed
with Ego-Ex04D, we recruit two basketball experts (28 combined years of playing
experience) and two soccer experts (23 combined years) to independently assess
the quality of the constructed pairs. Each rater evaluates whether (1) the novice
and expert clips are temporally aligned, and (2) the expert clip clearly demon-
strates higher skill and is correctly identifiable within the pair. A pair is retained
if at least one rater judges it valid under both criteria. Using this protocol, 83%
of basketball pairs and 77% of soccer pairs are deemed valid. These verified
pairs constitute our final evaluation test set, which is now publicly available and
constitutes the first firm benchmark for this new task.

This procedure yields high-quality, temporally-aligned novice-expert evalua-
tion pairs for each technique: Reverse layup (499), Penalty kick (173), Jumpshot
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Fig. 4: ExpertEdit sequence visualization: We show novice source pose (blue) and
edited pose (orange) at several frames for all techniques. ExpertEdit makes subtle pose
refinements that improve form at skill-critical action moments, including raising the
knee on the shooting hand-side higher during layups (Mikan, reverse), extending legs
further on kicks (spin back, roundhouse), moving the shooting hand under the ball
during jumpshots, and improving follow-through from the kicking leg on penalty kicks.

(499), Mikan layup (436), Reverse punch (248), Spinning back kick (224), Front
kick (231), and Roundhouse kick (239). Fig. 3 shows one such pair, a mid-range
jumpshot. The expert follows the same technique and action-phase progression
as the novice, while exhibiting expert-level differences in pose and form.

Metrics. We evaluate whether generated motion exhibits expert-like character-
istics using two expert-motion quality metrics. Metrics are computed only on
frames within the kinematic-peak defined mask region for all methods. We also
provide human-preference rates as a quantitative metric of perceived quality.

Pose Improvement (P) measures expert alignment using Procrustes-
Aligned Mean Per-Joint Position Error (PA-MPJPE), a standard metric for
evaluating 3D human pose accuracy [3,31,64,65,75]. PA-MPJPE computes the
distance between predicted and target 3D joint locations averaged over all joints
and frames after scale and rigid alignment. We report relative improvement over
the input novice motion:

PA-MPJPEpovice — PA-MPJPEgey,
PA-MPJPE, ovice

Higher values indicate stronger movement toward expert-level execution. For

each novice motion we generate m = 3 edits and compute metrics against the

k = 3 paired experts to reduce reliance on any single expert trajectory. We report
the minimum error across the m generations.

P(%) = x 100.
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FID Improvement (F) measures whether generated motions align with
the expert motion distribution using a Fréchet distance metric analogous to
FID [19] used in generative image [18,20, 28] and pose [37,44,45,54,71,72]
evaluation. We train technique-level classifiers to distinguish novice from expert
motions and use their intermediate feature representations to compute a Fréchet
distance between generated motions and expert motions in feature space. As in
Pose Improvement, we report relative FID improvement over the source novice
distribution. DTW-based warping for frame-level alignment is only used when
computing P; F' does not require frame-wise novice—expert correspondence.

Baselines. We evaluate ExpertEdit against several state-of-the-art motion
editing methods, listed below. These approaches are designed for supervised
motion editing and typically require paired demonstrations or explicit editing
instructions during training. We fine-tune these baselines on a curated training set
of 16k novice—expert pseudo-pairs derived using the same pairing procedure as our
evaluation set, but without expensive frame-level alignment or human validation.
These pairs constitute privileged supervision provided only to the baselines: while
ExpertEdit is trained exclusively on unpaired expert demonstrations, the baselines
are allowed to learn directly from novice—expert pairs constructed from the target
datasets. This gives the baselines training exposure to the target datasets for
fair comparison. During both fine-tuning and inference, we use the text prompt
“Make the [TECHNIQUE_NAME] motion smoother and more controlled”. Without
access to expert-provided correctional text instructions for each novice sample,
this prompt reflects a typical use case for skill-driven motion editing. We arrived
at this prompt after evaluating multiple prompts to elicit the best performance
from the baselines; see Supp. for a prompt study. We found it produces more
stable motion edits than prompts referring explicitly to “expert motion,” and
more closely matches the style of text edits used in the datasets on which the
baselines are pretrained [5,17].

— TMED [5]: A diffusion transformer (DiT)-based motion editing model
trained on MotionFix [5]. TMED performs text-conditioned motion editing
by denoising motion tokens using cross-attention to the conditioning prompt.

— SimMotionEdit [32]: A text-conditioned motion editing model that extends
the TMED architecture with an auxiliary temporal guidance module. In
addition to generating edited motion, SimMotionEdit predicts a 1D temporal
signal indicating where edits should be applied, allowing the model to focus
modifications on frames most relevant to the text prompt.

— FLAME [30]: A diffusion-based model designed for inference-time motion
editing. FLAME generates edited motion conditioned on a source motion
sequence and a text instruction. Unlike TMED and SimMotionEdit, which we
fine-tune on our pseudo-paired supervision, FLAME does not support paired
fine-tuning, and is evaluated strictly in its inference-time editing mode.

We fine-tune TMED and SimMotionEdit from MotionFix [5] pretrained
checkpoints and evaluate FLAME from a HumanML3D [17] checkpoint for Ego-
Exo04D techniques. For the Kyokushin Karate dataset, we evaluate only TMED
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Table 1: Results on four basketball and soccer techniques. P and F' represent
relative improvement in PA-MPJPE and alignment with the expert distribution re-
spectively over the source motion. Higher is better for both (1).*Indicates no access
to paired supervision for training. PA-MPJPE is averaged over k = 3 expert reference
pairs to account for natural variation in expert behavior. See Supp. for absolute metrics.

Basketball and Soccer

Mikan Rev. Layup Jumpshot Pen. Kick

Method P FM) P F(@) P() F(1) P(1) F(1)
SimMotionEdit [32] 2.26 1.28 2.31 4.88 3.95 1.24 3.20 2.38
TMED |[5] 1.87 1.00 220 4.30 258 203 257 1.95
FLAME* [30] 2.35 145 2.09 6.13 3.13 1.54 290 2.22

ExpertEdit* (Ours) 6.18 5.72 5.87 12.08 5.34 7.66 6.03 9.14

and SimMotionEdit. FLAME is not included in this setting because its pretrained
model operates on SMPL-based pose representations, whereas the karate dataset
uses a custom MoCap joint parameterization. Applying FLAME would therefore
require retraining the model from scratch in a new representation, which falls
outside the inference-time editing paradigm for which the method was designed.

Implementation details. We extract SMPL [36] parameters from Ego-Exo4D
videos using WHAM [49] at 30 fps. For Kyokushin karate, we use the provided
axis-angle joint rotations (J = 39). For Ego-Exo04D techniques, we train pose
tokenizers on fixed-length clips of 120 frames (reverse layup, penalty kick) and 90
frames (mikan layup, jumpshot). Karate sequences are uniformly resampled to 64
frames to normalize action duration while preserving relative motion timing. Our
pose tokenizer follows the Transformer VQ-VAE architecture of [37]. MotionInfiller
uses a bidirectional Transformer trained with span masking with maximum span
fraction a = 0.3. See Supp. for an ablation on «. Kinematic peak selection uses
vertical velocity for basketball, maximum jerk for soccer, postural extremeness
for reverse punch, and foot acceleration for karate kicks. Additional architecture,
preprocessing, and training details are provided in Supp.

4.2 Results

Basketball and soccer techniques. Results on basketball and soccer are
shown in Table 1. Despite lacking access to privileged supervision provided to
SimMotionEdit [32] and TMED [5], ExpertEdit outperforms state-of-the-art
motion editing baselines across all four techniques, achieving roughly 2-4x larger
gains in pose improvement (P) and expert FID score improvement (F') compared
to the strongest baselines. The largest gains occur for reverse layups and penalty
kicks, where ExpertEdit achieves F' = 12.08% and 9.14% respectively, compared
to at most 6.13% and 2.38% for competing approaches.

Fig. 4 (top row) illustrates these corrections on sample edited frames. On
the reverse layup (right), the edited motion lifts the shooting side knee higher
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Table 2: Results on Kyokushin Karate Dataset, four techniques. P denotes
relative improvement in PA-MPJPE. F' denotes relative improvement in FID over novice
motion. Higher is better for both (1).

Kyokushin Karate
Rev. Punch Spin BK Front High RH

Method P F() P F(M) PM) FM) PO F()
SimMotionEdit [32] 2.20 1.30 1.43 3.30 1.45 5.05 3.30 5.88
TMED [5] 0.92 1.08 0.86 225 0.38 2.90 2.25 3.37

ExpertEdit (Ours) 2.07 1.36 1.79 4.23 1.88 9.73 2.96 6.18

during the jump and release phase, while in penalty kicks (middle left) the model
exaggerates follow through on the striking leg after ball contact. These localized
corrections lead to motions that better match both expert pose trajectories and
the overall expert motion distribution.

These gains reflect the fact that skill differences often manifest in short,
temporally localized moments of an action. While SimMotionEdit predicts a
temporal signal to identify frames requiring stronger edits, it relies on descriptive
text prompts to determine this signal and how the motion should change, which
can suffer under the general text edit prompt required in this setting. In con-
trast, ExpertEdit targets skill-critical motion phases through kinematic masking
identified from the source motion itself, allowing the model to focus edits on the
moments where expert execution differs most strongly.

Kyokushin karate techniques. Results on the Kyokushin Karate techniques
are shown in Table 2. ExpertEdit consistently improves alignment with the expert
motion distribution, achieving the largest gain in FID Improvement (F') across
all techniques. While SimMotionEdit achieves slightly higher Pose Improvement
(P) on two techniques (Rev. Punch and High Roundhouse), these gains do not
translate into stronger expert distribution alignment: ExpertEdit still achieves
higher F' scores on both techniques. This suggests that while supervised models
may produce edits that reduce pose error relative to individual expert examples,
they do not necessarily generate motions that better match the overall expert
motion distribution. While the absolute scale of improvements is smaller than in
the basketball and soccer scenarios, this reflects characteristics of the dataset:
karate techniques follow highly canonical motion patterns, and our expert pool
includes both dan practitioners and upper-level kyu ranks (1st—3rd kyu) to ensure
sufficient training data. This produces a narrower skill gap between actors and a
less sharply defined expert motion manifold.

Fig. 4 (bottom row) illustrates our results on karate techniques. Across
multiple kick techniques, the edited motion (orange) consistently produces better
leg extension than the source clip. These corrections correspond to the large
improvements in expert distribution alignment observed for these techniques. See
Supp. video for examples with motion.

Human preference study. Finally, to evaluate whether generated edits are
perceived as useful visual feedback, we conduct a blinded A /B preference study
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Table 3: Blinded human preference study. Participants compare anonymized
ExpertEdit and SimMotionEdit (strongest baseline) rendered edits and choose which
would be more useful for improving form.

Preferred edit Basketball (78) Soccer (34) Overall (112)
ExpertEdit 42.3% 47.1% 43.8%
SimMotionEdit [32] 26.9% 23.5% 25.9%
Neither 30.8% 29.4% 30.4%
ExpertEdit among non-neutral 61.1% 66.7% 62.8%

on rendered edits. We focus this study on the basketball and soccer domains,
where we could recruit target users with relevant playing experience to judge
form improvements. For each trial, participants view the source motion and two
anonymized edited motions from ExpertEdit and a strong fine-tuned baseline,
SimMotionEdit [32], with method order randomized. We ask: “Which edited
motion would be more useful to improve your form if you were the performer in
the video?” Participants choose from “A”, “B”, or “Neither”.

Table 3 summarizes the results. Across 24 raters and 112 total pairwise judg-
ments, ExpertEdit is preferred in 49 judgments versus 29 for SimMotionEdit,
with 34 “Neither” responses. Among non-neutral judgments, ExpertEdit is pre-
ferred 62.8% of the time, suggesting that our localized and skill-driven edits
are perceived as more useful corrective feedback than the compared text-driven
motion editor. These results augment the metrics reported above by directly
measuring perceived feedback usefulness.

5 Conclusion

We introduce ExpertEdit, a framework for skill-driven motion editing that
refines novice demonstrations into expert-like executions by projecting skill-
critical phases in a novice motion onto a learned manifold of expert motion.
Unlike prior approaches that rely on text guidance, reference clips, or heavy
paired supervision, ExpertEdit learns an expert motion prior directly from
unpaired expert performances and applies it to novice inputs at inference without
additional conditioning. Across diverse techniques spanning basketball, soccer, and
karate from two datasets, ExpertEdit outperforms state-of-the-art motion editing
methods on multiple expert-quality metrics, including supervised approaches
that rely on privileged paired demonstrations. These results establish skill-driven
motion refinement as a previously unmet capability in motion editing. By forgoing
expensive skill-annotated motion pairs, ExpertEdit unlocks the potential to tackle
diverse motion domains simply by watching how experts perform.
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