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(a) End-to-end sequential text-to-motion generation

(b) Text-guided motion editing

Figure 1. The MotionMaster framework. By finetuning a pretrained MLLM on large-scale motion data, MotionMaster enables unified
text-guided human motion generation and editing within an end-to-end framework. (a) MotionMaster generates compositional action
sequences from textual instructions, successfully producing action combinations never seen during training (e.g., “shoot a basketball then
do a cartwheel”) by leveraging action semantics inherited from the pretrained MLLM. (b) Given an original motion, MotionMaster applies
precise text-guided edits to specific body parts or motion properties while preserving the remainder of the sequence, demonstrating precision

and fine-grained control.

Abstract

Synthesizing realistic human motion from natural language
holds transformative potential for animation, robotics, and
virtual reality. Recent methods handle single-action se-
quences and simple textual instructions, yet multi-action
compositions and precise editing remain elusive due to lim-
ited data diversity, inadequate representations, and frag-
mented pipelines. Critically, most existing methods train
motion generation models from scratch, failing to exploit
the rich action semantics and long-horizon reasoning al-
ready encoded in pretrained Multimodal Large Language
Models (MLLMs). Here we show that finetuning a pre-
trained MLLM with large-scale motion data yields strong

zero-shot generalization across diverse text-guided motion
generation and editing tasks. We present MotionMaster, a
unified framework built on three components: MotionGB,
a 10,000-hour dataset expanded from 400 hours of veri-
fied motion capture via spatial-temporal augmentation; an
FSQ-based tokenizer that preserves both local joint ac-
curacy and global trajectory coherence; and a finetuned
MLLM with motion and language tokens in a shared em-
bedding space. MotionMaster outperforms prior methods
by 41.6% in multi-action semantic consistency and 20.8%
in body-part composition. These results demonstrate that
pretraining knowledge from MLLMs transfers effectively
to motion understanding, opening a viable path toward
general-purpose motion intelligence.
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1. Introduction

Text-driven human motion generation has emerged as a fun-
damental challenge in computer graphics and computer vi-
sion, with applications spanning animation [10, 18, 58], vir-
tual reality [28, 55], and humanoid robot training [20, 21].
While recent advances have shown promising results in
generating simple, single-action motions from text descrip-
tions [11, 18], existing methods struggle with real-world
scenarios that demand complex multi-action sequences or
precise motion editing capabilities.

Current approaches suffer from three compounding lim-
itations. First, the data foundation is inadequate—most
methods [17, 18, 43] rely on small datasets with coarse an-
notations that fail to capture motion nuances and semantic
diversity. Even methods trained on larger datasets [14, 19,
39, 61] struggle to generalize to complex text instructions,
particularly those requiring compositional understanding.
Second, existing motion representations [ 14, 46] fail to bal-
ance local joint accuracy with global trajectory coherence,
a problem that intensifies during large-scale training. Third,
multi-action generation [45] and body-part editing [46] rely
on fragmented pipelines that compose separately generated
components, revealing a lack of genuine end-to-end under-
standing of unified motion semantics. Most fundamentally,
existing methods [14, 29, 39] train motion models from
scratch, forgoing the rich action semantics and long-horizon
reasoning already encoded in pretrained MLLMs—a limi-
tation that collectively prevents generalization across com-
plex language-motion dependencies and fine-grained speci-
fications.

To address these challenges, we introduce MotionMas-
ter, a unified end-to-end framework that finetunes a pre-
trained MLLM on large-scale motion data for generalizable
text-guided motion generation and editing. Our framework
rests on three contributions.

MotionGB We construct a motion dataset containing
10,000 hours of richly annotated data. Starting from 400
hours of manually verified motion capture data, we generate
verbal descriptions of pose configurations at each timestep,
followed by MLLM summarization to produce multi-level
motion descriptions. Through systematic augmentation—
temporal concatenation, body-part composition, and motion
editing operations—we expand this foundation while main-
taining precise motion-text correspondence, providing the
semantic breadth necessary for understanding complex mo-
tion patterns.

Motion tokenization We develop a SMPL-X-based
motion discretization method that preserves both local joint
accuracy and global trajectory coherence. Frame-by-frame
local keypoint features, including yaw angular speed and
joint positions, are encoded into discrete tokens via Finite
Scalar Quantization (FSQ), while a reconstruction loss eval-
uated on full sequences in global coordinates prevents tra-

jectory drift. This localized representation naturally maxi-

mizes codebook utilization without requiring unique codes

for every global pose configuration.

Unified motion-language modeling By adapting the
Qwen2.5-VL architecture with motion and language tokens
sharing the same embedding space, MotionMaster enables
direct cross-modal fusion within a single autoregressive
model. The pretrained MLLM contributes prior knowledge
of action semantics and long-horizon dependencies that are
difficult to acquire through post-hoc composition. To en-
sure exposure to the full spectrum of motion semantics, we
further introduce semantic balancing during finetuning, ad-
justing sampling probabilities based on semantic density to
prevent overfitting to frequently occurring patterns.

We evaluate MotionMaster using an automated assess-
ment framework that renders generated motions into videos
and uses Gemini [56] as the evaluator, validated with a cor-
relation coefficient of 0.89 against human judgments. Mo-
tionMaster outperforms existing methods by 26.8% on out-
of-distribution (OOD) single motion generation, by 41.6%
in semantic consistency for multi-action temporal com-
position, and by 20.8% in accuracy for spatial body-part
composition. Beyond quantitative gains, MotionMaster ex-
hibits emergent capabilities—including zero-shot motion
style transfer, physics-aware motion correction, and com-
positional reasoning over complex action sequences—that
arise from genuine semantic understanding inherited from
the pretrained MLLM rather than memorized patterns.

Our key contributions are summarized as:

* MotionGB: A 10,000-hour richly annotated motion-
language dataset—We provide the semantic breadth
and quality necessary for understanding complex motion
patterns, from simple actions to intricate multi-part se-
quences, supporting both generation and editing tasks.

* A scalable SMPL-X-based motion tokenization
method—We preserve both local joint accuracy and
global trajectory coherence, achieving state-of-the-
art (SOTA) motion fidelity under large-scale training.

* MotionMaster: A unified end-to-end framework for
text-guided motion generation and editing—By fine-
tuning a pretrained MLLM with large-scale motion data,
we demonstrate strong zero-shot generalization across di-
verse text-motion tasks.

2. Related Work

Motion generation Motion generation has advanced
significantly through recent research, evolving from early
approaches using conditional Variational Autoencoders
(VAEs) [3, 16, 23, 42, 43], Generative Adversarial Net-
works (GANs) [37, 62], contrastive learning [35, 44, 57],
and masked modeling [18, 46] to generate motion from
simple text descriptions. Works leveraging diffusion mod-
els [9, 12, 28, 30, 31, 34, 58, 67, 69] marked a break-
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Figure 2. Overview of MotionGB construction pipeline. (a) 400 hours of raw motion data are collected from open-source motion capture
databases, video sources, and proprietary recordings. (b) After manual verification and cleaning, each sequence is annotated with multi-
level motion descriptions generated via Gemini [56]. (c) The dataset is expanded to 10,000 hours through three augmentation strategies:
temporal concatenation (combining sequential actions), body-part concatenation (merging movements from different body parts), and fine-
grained motion adjustment (applying parametric modifications to create editing pairs).

through, with MDM [58] and MotionDiffuse [69] introduc-
ing diffusion processes for human motion, and MLD [9] im-
proving computational efficiency through latent space op-
erations. MotionLab [19] leverages rectified flow for uni-
fied motion generation and editing. However, these meth-
ods predominantly rely on CLIP as their text encoder, limit-
ing their ability to understand complex motion-specific lan-
guage and temporal relationships. In parallel, MLLM-based
approaches [8, 14, 27, 39, 63, 66, 70, 71] have emerged.
T2M-GPT [66] and MotionGPT [27] treat motion as dis-
crete tokens for autoregressive generation, while Motion-
LLM [63] and ScaMo [39] incorporate human motion as
an additional modality alongside text. MotionStreamer [64]
proposes a diffusion-based autoregressive model for tempo-
ral coherence. Despite these advances, a fundamental lim-
itation persists: most of these methods train from scratch,
forgoing the rich action semantics already encoded in pre-
trained MLLMs, and consequently fail to establish genuine
semantic correspondence between linguistic descriptions
and motion expressions—particularly for complex scenar-
ios involving multiple actions, limb nuances, or context-
dependent behaviors.

Motion editing Initial motion editing work focused on
trajectory manipulation [15, 32, 38], skeletal retargeting [ 1],
and emotion modulation [59], which evolved into motion
style transfer techniques [2, 6, 13, 49, 54, 65]. Semantic mo-
tion editing has since developed along several paradigms.
Early embedding-based methods [22, 57] encoded semantic
information in latent representations but lack fine-grained
disentanglement. Diffusion models enabled more sophisti-
cated editing through inpainting [31, 46, 58, 69] and com-
positional techniques—including temporal composition [3,
51], spatial body-part control [4, 43], and timeline-based

manipulation [45]. More recent approaches leverage foun-
dation models, with FineMoGen [68] and COMO [24]
demonstrating strong performance on annotated datasets.
To handle arbitrary unannotated inputs, newer methods
based on diffusion models [7, 29, 33] and flow match-
ing [19] directly condition on both source motion and tex-
tual instructions. Despite these advances, existing editing
methods remain tightly coupled to their training distribu-
tions, exhibiting limited generalization when handling arbi-
trary semantic textual descriptions.

Motion datasets Human motion datasets have estab-
lished critical foundations for multimodal motion genera-
tion and editing. Early motion-only datasets [26, 52] pro-
vided diverse capture data across multiple modalities and
action categories, while motion-captured datasets [16, 25,
40] offered extensive repositories of 3D skeletal sequences.
The integration of textual annotations marked a signifi-
cant evolution: KIT-ML [47] introduced structured motion-
language pairs, and BABEL [48] extended AMASS [40]
with body-level annotations. HumanML3D [17] further en-
riched this paradigm by associating each motion with multi-
ple text descriptions. Recent efforts to recover motion from
video [36, 60] have scaled up data volume, though quality
often suffers from camera movement and occlusions. Even
larger collections [14, 34, 39] have been proposed, yet the
field still lacks the emergent generalization seen in language
and vision models—a gap that motivates MotionGB’s em-
phasis on richer linguistic annotations, multi-level descrip-
tions, and diverse editing examples.

3. The MotionGB Dataset

We present MotionGB, a large-scale motion dataset of
richly annotated human movements designed for training
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generative motion models. As Fig. 2 shows, our construc-
tion pipeline comprises multi-level semantic annotation and
systematic data augmentation. ?? provides additional statis-
tical analysis.

3.1. Raw Motion Data Collection

MotionGB derives from 400 hours of raw motion data from
three sources. First, we incorporate open-source motion
capture datasets that provide high-fidelity skeletal move-
ments. Second, we extract motion data from video sources
using GVHMR [53], a SOTA method for recovering SMPL-
X body model representations from video. Third, we in-
clude proprietary motion recordings that capture expressive,
nuanced human movements that are underrepresented in ex-
isting datasets. To preserve semantic integrity, we maintain
complete motion sequences in their original form, except
for long dance performances. Each sequence is manually
validated by trained annotators, who remove motions ex-
hibiting severe artifacts, such as foot sliding, joint jitter, or
anatomically impossible poses.

3.2. Multi-Level Motion Description

Our annotation pipeline transforms raw motion into multi-
level textual descriptions through two stages. First, we ex-
tract frame-wise motion reports capturing joint angles, limb
positions, torso orientation, and movement velocities. These
quantitative reports then feed into Gemini [56], which gen-
erates descriptions at four semantic levels: high-level intent
(“morning exercise”), overall action (“walks forward while
stretching arms”), intermediate phases (“lifts right arm to
shoulder height, then extends upward”), and fine-grained
details (“bends left knee to 45 degrees while rotating right
wrist clockwise”). This hierarchy enables left-right distinc-
tion, precise degree specification, and seamless integration
between high-level semantics and low-level kinematics.

3.3. Dataset Expansion Strategy

We employ three augmentation pipelines to expand Mo-
tionGB from 400 to 10,000 hours while simultaneously
generating motion-editing pairs for training.

Temporal combination We concatenate 2—3 motion
sequences to create multi-action sequences, with descrip-
tions grammatically modified to reflect the combined ac-
tions. To ensure natural transitions, we train a motion in-
betweening model on raw sequences to generate 1-second
transition segments. ?? provides detailed validation of our
in-betweening model’s quality, including quantitative met-
rics and a perceptual user study.

Body-part concatenation We blend movements from
different body parts to produce concurrent actions, such as
“jogging while typing.” For each raw motion, we randomly
select 10 other motions and systematically replace spe-
cific body-part movements, restricting lower-body source

candidates to sequences with active lower-body engage-
ment. This generates abundant training pairs for body-part-
specific editing tasks, enabling capabilities such as “replace
lower body with running.”

Fine-grained motion adjustment We apply 24 types
of parametric modifications (e.g., joint transforms, rota-
tions, speed variations, and styles). Each modification pro-
duces a new motion, accompanied by a precise description
of the applied change (e.g., “raise right arm higher,” “speed
up the motion”), thereby creating a rich set of instruction-
following examples for fine-grained motion control.

4. Motion Tokenization

Our motion tokenization consists of three components: (i)
extracting localized motion features from raw joint posi-
tions, (ii) encoding and quantizing these features via FSQ,
and (iii) reconstructing motion with global supervision.

4.1. Finite Scalar Quantization

We employ FSQ to discretize continuous motion sequences
into discrete tokens. FSQ offers stable training and pre-
dictable codebook utilization by quantizing each latent di-
mension independently.

Given localized motion features (detailed in Sec. 4.2),
we encode them through a 1D convolutional encoder E:

z=E(f)eRT*P, 0

where f € RT*8 represents the input features for 7" frames,
T’ < T is the compressed temporal dimension, and D is the
latent dimension. The encoder consists of 4 convolutional
layers with kernel size 4 and stride 2, progressively reduc-
ing temporal resolution while learning abstract motion rep-

resentations.
FSQ quantizes each latent element independently to dis-

crete levels:
ZA:Z',d :round(zi,de)/Ld, (2)

where L, defines the number of quantization levels for
dimension d. This element-wise quantization ensures full
codebook utilization, as each dimension can independently
take any of its allowed values. During training, we use
straight-through estimation to allow gradient flow through
the quantization operation. The quantized latents are de-
coded through a symmetric decoder that uses transposed
1D convolutions to upsample the compressed representation
back to the original temporal resolution.

4.2. Localized Feature Extraction

Given a motion sequence with joint positions p; € R7*3 for
J joints and root orientation r; at time ¢, we extract an 85-
dimensional feature vector representing the transition from
frame ¢ to frame ¢ + 1 in a localized coordinate system.
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Figure 3. Overview of MotionMaster. (a) The FSQ-based motion tokenizer encodes joint positions into localized features, quantizes
them into discrete tokens, and supervises reconstruction via a loss computed in global coordinates. (b) For text-to-motion generation, the
finetuned MLLM autoregressively decodes motion tokens conditioned on a text prompt. (c) For text-guided editing, the original motion is
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Step 1: Extract yaw angle We compute the horizon-
tal orientation by applying the root rotation to the forward
vector and extracting the yaw component:

0y = atan2(r; - [0, 0, 1]). 3)

Step 2: Compute orientation change The frame-to-
frame yaw difference captures turning motion:

NGy =041 — 0. “)

Step 3: Transform to relative coordinates We ex-
press all joints relative to the previous frame’s coordinate
system. The previous root is projected onto the ground plane
under a y-up convention:

root

P: ©)

The relative positions are then rotated by the negative of the
previous frame’s yaw:

[Pto»_r, 0, ptOz]

(6)

where R_jp, applies a 2D rotation to the horizontal compo-
nents while preserving height:

Pit1=R_o,(Pt+1—Pr"),

cos(—6:) 0 —sin(—6;)
R_p, = 0 1 0 @)
sin(—60;) 0  cos(—6)

Step 4: Construct feature vector The final feature
concatenates the yaw change with flattened relative joint po-
sitions:

f, = [A0;, flatten(p}, ;)] e R®. (8)
This localized representation ensures that similar motion
patterns (e.g., walking, turning) produce similar features re-
gardless of their absolute position in world space, maximiz-
ing codebook reuse while preserving reconstruction fidelity.

4.3. Global Reconstruction and Loss Functions

While tokenization operates on localized features to im-
prove efficiency, we recover SMPL-X parameters via gra-
dient descent using a joint-to-joint loss. The reconstruction
process inverts the feature extraction process, but quantiza-
tion errors can accumulate during this sequential inversion.
We address this by explicitly supervising global positions.

Given reconstructed features f; = [Af;, P}, ], we re-
cover global motion iteratively.

Step 1: Accumulate orientation Starting from an ini-
tial pose, we integrate yaw changes:
=0; + A0, (&)

Step 2: Transform to world space We apply the ac-
cumulated rotation and translation:

Or+1

A 100t

+D: 10)

Pe+1 =Ry, (Piys1)
Since errors in Af, and relative positions accumulate
over time, we supervise global joint positions and veloci-

ties directly to prevent drift:

1 T J
global = Ti Z Z Hpt 7
t=1j=1

—Prjl3, (11)

T-1

1 'z . X
Lyl = m t; J; I(Ptr1.5 —Pj) — (Prory—Pes)3
(12)
4.4. Coarse-to-Fine IK Solver

Converting generated keypoint trajectories into SMPL-X
parameters requires recovering local joint rotations from
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Figure 4. Demonstration of MotionMaster’s multi-action generation and editing capabilities on a long narrative sequence. (a) Mo-
tionMaster autoregressively generates motion segments from sequential text descriptions, producing a coherent long-horizon motion se-
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while preserving the overall narrative context.

sparse 3D joint positions—an inherently under-constrained
Inverse Kinematics (IK) problem in which errors accu-
mulate rapidly along the kinematic chain. Directly mini-
mizing positional error with respect to joint rotations of-
ten yields physically implausible configurations, such as
severely twisted wrists or ankles.

We address this with a two-stage coarse-to-fine IK

solver. In the first stage, we optimize within the latent man-
ifold of VPoser [41], a learned generative prior of biome-
chanically plausible human poses. By optimizing the low-
dimensional latent embedding rather than explicit joint ro-
tations, the search space is constrained to anatomically valid
configurations. In the second stage, we use the solution from
the first stage as a robust initialization and fine-tune joint

30634



rotations to strictly regress the target joint positions. This
coarse-to-fine formulation achieves high reconstruction fi-
delity while ensuring physical plausibility throughout. ??
details our tokenizer architecture and the SMPL-X joint-to-
parameter conversion pipeline.

5. The MotionMaster

We detail the core components of MotionMaster: our uni-
fied motion-language modeling approach and the semantic
balancing technique that addresses dataset imbalance.

5.1. Unified Motion-Language Modeling

We extend Qwen2.5-VL to process both text and motion
tokens in a shared embedding space. Using the motion to-
kenization described in Sec. 4, we integrate discrete mo-
tion codes directly into the MLLM’s existing vocabulary.
Rather than expanding the vocabulary, we substitute the
least-used text tokens—typically special characters and ob-
solete symbols—in Qwen2.5-VL’s original codebook with
our motion tokens. We further introduce special tokens
<SOM> (start of motion) and <EOM> (end of motion) to de-
marcate motion sequences within mixed-modality inputs.

Training strategy During finetuning, we freeze em-
beddings of active text tokens to preserve linguistic knowl-
edge, training only the repurposed motion token embed-
dings and transformer weights. We use causal attention for
autoregressive generation: P(my | tprompt, M<t).

Position encoding Our Rotary Position Embeddings
(RoPE) implementation uses distinct counters for text and
motion modalities. A global counter tracks position indices
for all text tokens sequentially. Upon encountering a <SOM>
token, a separate motion-specific counter is initialized to
zero and increments independently for that sequence. This
ensures each modality operates within its own positional
context even when interleaved, avoiding cross-modal posi-
tion interference.

5.2. Semantic Balancing

Raw motion datasets contain severe semantic imbalances—
walking and standing motions vastly outnumber complex
actions such as dancing—which cause models to overfit to
common patterns. Our semantic balancing ensures uniform
coverage of the motion space during training.

Density estimation For each motion-text pair (m, ;),
we compute a semantic embedding e; = ¢(¢;) using a T5
text encoder [50]. Local density is estimated via a Gaussian

kernel: . H r
pi=1 exp —&) (13)
k je%} () ( 20°
where N (i) denotes the k-nearest neighbors of e; in se-
mantic space, o controls the kernel bandwidth, and « ad-
justs rebalancing strength. Sampling probabilities are as-
signed as p;ocp; .

Weighted sampling During training, we sample
batches according to p; rather than uniformly. Motions in
semantically sparse regions are sampled more frequently,
while overrepresented patterns receive proportionally less
exposure, ensuring robust learning across the full spectrum
of motion semantics.

6. Experiments

We conduct comprehensive experiments to evaluate Mo-
tionMaster across multiple dimensions: motion tokenizer
quality (Sec. 6.1), generalization on diverse generation and
editing tasks (Sec. 6.2), and ablation studies on data scale,
model size, and joint training (Sec. 6.3).

6.1. Motion Tokenizer Evaluation

Dataset and training setup We evaluate on Mo-
tionGB, partitioned into 90% for training (MotionGB-train)
and 10% for evaluation (MotionGB-test). All methods, in-
cluding baselines, are trained on MotionGB-train to ensure
fair comparison.

Baseline methods We compare our SMPL-X-based
motion discretization against four SOTA motion represen-
tation methods: T2M-GPT [66], MoMask [ 18], MMM [46],
and MotionMillion [14].

Evaluation metrics We evaluate along two dimen-
sions. (i) Local motion accuracy: rotational error of human
joints in SMPL-X representation (average angular devia-
tion in degrees) and localized joint position error (mean Eu-
clidean distance in the local coordinate frame). (ii) Global
trajectory coherence: rotational error of the root in global
coordinates, global joint position error, and joint velocity
error capturing temporal consistency.

Results As Tab. 3 shows, our tokenizer achieves su-
perior joint position accuracy across both local and global
metrics, demonstrating effective balance between fine-
grained joint accuracy and trajectory coherence. The rel-
atively large rotation error is attributable to the undefined
rotation along each bone’s axial direction, which lacks di-
rect restriction. Ablation studies justifying our loss function
design are provided in ??.

6.2. Motion Generation and Editing Evaluation

Datasets We construct MotionGB-test-lite by ran-
domly sampling 400 motions from MotionGB-test, cover-
ing (i) single motion sequences, (ii) multi-action sequences,
(iii) concurrent actions, and (iv) adjusted motions. For edit-
ing evaluation, categories (iii) and (iv) are structured as
triples {original motion, edited motion, edit text}.

Baseline methods We evaluate MotionMaster against
SOTA methods including MoMask [18], MMM [46], T2M-
GPT [66], MotionLab [19], MotionFix [5], and MotionMil-
lion [14]. Methods marked T are retrained on MotionGB for
both motion representation and generation.
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Table 1. Quantitative comparison of MotionMaster against SOTA baselines and ablation studies. MotionMaster achieves superior
performance across most metrics for both motion generation and editing. The relatively lower diversity scores reflect a known trade-off
between diversity and semantic fidelity rather than a limitation of the approach.

Single Motion Generation Long Sequence Generation Motion Editing

Method

R-PrecisionT R-Precision?

SemanticT DiversityT Phys.T SemanticT DiversityT Phys.T SemanticT DiversityT Phys.T [
R@]1 R@2 R@3 R@] R@2 R@3
T2M-GPT' [66] 6.72 1.72 6.40 0.15 0.24 0.29 2.66 1.89 5.65 - - - - - -
MotionM. [14] 6.98 3.10 6.70 0.09 0.14 0.18 2.92 3.88 7.40 - - - - - -
MMM [46] 7.20 0.86 6.70 0.16 0.22 0.30 3.34 1.03 4.25 4.10 1.55 5.35 0.14 022 0.30
MoMask' [18] 6.68 1.51 5.80 0.11 0.15 0.20 2.36 1.80 4.45 5.52 1.47 5.60 0.19 028 0.36
MotionLab [19] 6.90 2.10 5.65 0.13 0.21 0.26 3.02 2.83 4.35 5.60 0.16 7.35 0.21 027 0.34
Motionfix' [5] - - - - - - - - - 7.02 1.12 7.35 0.27 047 0.56
Ours 9.88 1.62 8.75 024 033 0.39 7.50 247 7.05 9.10 0.50 8.65 0.77 092 0.93
Ours 3B model 8.78 1.60 7.70 0.31 043 046 5.35 2.52 5.60 8.77 0.41 8.25 0.75 0.89 0.90
Ours 50% data 7.90 1.76 7.55 024 036 042 5.52 2.52 5.40 8.75 0.59 8.60 0.66 0.88 0.91
Ours w/o semantic 8.58 1.41 7.80 0.27 040 044 - - - - - - - - -

Table 2. Mutual benefits of joint training on generation and editing. Joint training consistently outperforms task-specific training on
both generation and editing, confirming that the two tasks are complementary and mutually reinforcing.

Single Motion Generation

Long Sequence Generation

Motion Editing

Method R-Precision?

R-Precisiont

SemanticT DiversityT  Phys.T _ " Semantict DiversityT  Phys.T  SemanticT Diversityt  Phys.T J e
R@] R@2 R@3 R@] R@2 R@3

Generation Only 7.40 2.19 7.40 0.19 0.28 0.33 3.20 3.05 4.90 - - - - - -
Editing Only - - - - - - - - - 8.30 0.49 8.40 0.78 0.89 0.94
Joint Training 9.88 1.62 8.75 024 0.33 0.39 7.50 2.47 7.05 9.10 0.50 8.65 0.77 0.92 0.93

Table 3. Motion tokenizer evaluation on MotionGB-test. Our
tokenizer achieves the best joint position accuracy across both lo-
cal and global metrics. Lower values indicate better performance.

Local Accuracy Global Coherence

Method

Rot. (°) Pos. (cm) Rot. (°) Pos. (cm) Vel. (cm/s)
T2M-GPT [66] 5.40 11.92 11.89 16.92 20.1
MoMask [18] 3.77 9.56 13.46 15.74 19.8
MotionM. [14]  4.28 12.31 12.68 21.96 20.6
MMM [46] 19.41 10.50 18.53 18.84 29.5
Ours 7.55 9.14 10.13 9.53 15.3

Evaluation metrics We introduce an evaluation
framework combining semantic alignment with standard
motion quality metrics. Semantic alignment: we render
generated motions into video and query Gemini [56] to as-
sess whether the actions match the textual description; for
editing tasks, original and edited motions are rendered side-
by-side and scored for correctness and conciseness on a
0-10 scale, validated at 0.89 correlation with human judg-
ments (see ??). Physical plausibility: Gemini assesses the
physical realism of generated motions following the same
protocol. Retrieval precision and diversity are computed
following Guo et al. [17].

Results Qualitative results are shown in Fig. 4; quanti-
tative results are presented in Tab. 1. MotionMaster achieves
the highest performance across most metrics on both gener-
ation and editing tasks. The relatively lower diversity scores
reflect a known trade-off between diversity and semantic
fidelity. A human preference study further validates these
findings; details are provided in ??.

6.3. Ablation Studies

We examine two aspects. First, Tab. | shows that both larger
datasets and increased model capacity consistently improve
performance, and that semantic balancing yields signifi-
cant gains—confirming the importance of all three design
choices. Additional scaling experiments are provided in 2?.
Second, Tab. 2 demonstrates that joint training on gener-
ation and editing provides significant advantages for both
tasks, confirming their complementary nature.

7. Conclusion

We present MotionMaster, an end-to-end framework for
text-guided human motion generation and editing. By fine-
tuning a pretrained MLLM on MotionGB—a 10,000-hour
richly annotated dataset—and equipping it with an FSQ-
based motion tokenizer and semantic balancing, Motion-
Master achieves strong zero-shot generalization across di-
verse motion tasks, from complex multi-action sequences
to precise body-part editing.

Two key insights emerge from our results: dataset scale
and diversity are critical for motion generation capabilities,
and jointly training generation and editing creates synergis-
tic benefits where each task reinforces the other. Beyond
these, MotionMaster exhibits emergent zero-shot capabili-
ties never explicitly supervised, suggesting that MLLM pre-
training transfers more broadly to motion understanding
than previously assumed. Together, these findings suggest
that large-scale multimodal pretraining is a promising path
toward general-purpose human motion intelligence.
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