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Two athletes are engaged in a boxing match.

Single/Multi-Agent
Text ↔ Motion

A player charges forward rapidly and
kicks the ball powerfully.

Speech → Gesture
Music ↔ Dance

Cross‑legged → Side by side

Motion Prediction
Motion In-between

Pick up sth. → Move sth. ← Place Sth.

Fig. 1: VersatileMotion supports both single-agent and multi-agent motion synthesis
and understanding, enabling seamless cross-modal conversion among text, audio, and
motion (both single and multi-agent).

Abstract. Human motion modeling must support generation from text,
music, and speech, comprehension through captioning, temporal com-
pletion, and multi-person coordination—yet existing methods typically
tackle each scenario with a separate, task-specific system. We argue
that discrete tokenization plus autoregressive (AR) modeling possesses
unique compositional advantages for building a unified motion model:
all modalities share a single vocabulary and training objective, tasks are
defined by token arrangement rather than architectural changes, and
the same model naturally supports both generation and understand-
ing by simply reordering the sequence. However, realizing this potential
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has been blocked by two obstacles. First, current motion tokenizers use
root-relative, non-causal, frame-level encodings that discard world-space
information, break consistency with forward-only AR decoding, and scale
poorly—confining existing discrete AR models to text–motion pairs in
single-human settings. Second, multi-modal motion data with paired text
and audio annotations remains scarce. We address both obstacles. We
introduce VerMoVQ, a causal spatio-temporal VQ-VAE that factorizes
each frame into low-dimensional body tokens while preserving world-
space root trajectories, naturally enabling multi-person tokenization via
per-agent concatenation and arbitrary-length encoding through strict
temporal causality. We curate MotionHub, a ∼380K-clip corpus in unified
SMPL representation with large-scale multi-modal annotations spanning
nine motion tasks. Built on these foundations, we train VersatileMo-
tion, a single decoder-only AR Transformer that covers text↔motion,
music↔dance, speech→gesture, motion prediction, in-betweening, and
multi-person interaction—all within one model. Across nine benchmarks,
VersatileMotion surpasses strong task-specific baselines on seven and
enables cross-modal compositions (e.g., text+audio→dance) through its
compositional token structure without task-specific architectural changes.
Code and data are available at ZeyuLing/VersatileMotion.

Keywords: Human motion synthesis · Motion understanding · Unified
multimodal model

1 Introduction

Human motion modeling spans a diverse set of scenarios: generating motion from
text, music, or speech; understanding motion through captioning; predicting or
in-filling temporal segments; and coordinating multiple interacting agents (Fig 1).
A truly unified system that handles all of these within a single model would
not only eliminate per-task engineering but also enable cross-task knowledge
transfer—learning richer motion priors from the combined data of all tasks.

Two dominant paradigms have emerged. Diffusion-based methods operate
in pose or latent space and deliver high-fidelity results on individual generation
tasks [10, 46, 71]. However, each task typically requires its own conditioning
architecture (cross-attention for text, rhythm alignment for music, prosody
encoders for speech), and diffusion models cannot natively perform understanding
tasks such as motion-to-text captioning—they only map noise to data, not motion
to language. Multi-person settings further demand specialized architectures
(e.g., ComMDM [66], InterGen [40]). As a result, diffusion-based methods are
fundamentally task-specific and difficult to unify.

Discrete approaches first tokenize motion via a VQ-VAE and then apply
an autoregressive (AR) Transformer. This paradigm offers a distinct structural
advantage: once all modalities—text, audio, and motion—are mapped into a
shared discrete vocabulary, tasks reduce to different arrangements of the same
token types, and the model simply performs next-token prediction regardless
of the specific task. The same formulation naturally supports both generation

https://github.com/ZeyuLing/VersatileMotion
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(condition→motion) and understanding (motion→text) by reordering the token
sequence. Adding a new modality means extending the vocabulary; adding a new
task means defining a new token arrangement—neither requires architectural
changes. This compositionality is the same property that makes large language
models effective across diverse NLP tasks [5] and has been demonstrated in vision
via unified token vocabularies [70].

Early motion instantiations of this paradigm—TM2T [24], MotionGPT [31],
M3GPT [56]—validated the basic pipeline: VQ-VAE tokenization followed by
a GPT-style decoder can handle text↔motion and even incorporate music.
Yet these systems remain far from the compositional potential of the discrete
AR framework: they are largely confined to text–motion pairs in single-human
settings. We identify two concrete obstacles. (1) Tokenizer limitations. Current
motion VQ-VAEs use coordinate-centric, root-relative, non-causal, frame-level
encodings [23,40]: they normalize away world-space trajectories (precluding multi-
person spatial reasoning), compress each frame into a single high-dimensional
vector (entangling body structure), and use bidirectional convolutions (creating a
mismatch with forward-only AR decoding). (2) Data coverage. Most training
corpora provide only text–motion pairs; audio-conditioned (music–dance, speech–
gesture) and multi-person clips are scarce and lack text annotations.

In this work, we remove both obstacles and demonstrate, for the first time,
that a single discrete AR model can competitively handle nine diverse motion
generation and understanding tasks—including multi-person scenarios and cross-
modal compositions—within a unified framework.

Technical contributions. To unlock the AR model’s compositional potential,
we introduce VerMoVQ, a causal spatio-temporal motion VQ-VAE. VerMoVQ
factorizes each frame into low-dimensional body tokens—one per joint group—in
SMPL-style parameterization that retains world-space root trajectories. Causal
temporal convolutions ensure forward-only consistency with AR generation, while
spatial body-attention blocks capture inter-joint couplings. This design naturally
extends to multi-person sequences: agents share the same codebook and their
token streams are simply concatenated.

For data coverage, we curate MotionHub, a unified corpus of ∼380K single-
and multi-human motion clips standardized to SMPL representation. For do-
mains lacking text—especially music–dance and speech–gesture—we perform
large-scale human and VLM-assisted captioning, producing paired multi-modal
examples rarely available in public motion corpora. We establish MotionBench,
a standardized evaluation suite covering nine motion tasks.

Built on these foundations, we train VersatileMotion, a single decoder-only
AR Transformer over a unified motion–text–audio vocabulary, using two-stage
generalist training that balances breadth across all tasks with depth in data-
scarce domains. In evaluations across nine benchmarks, VersatileMotion exceeds
prior state-of-the-art on seven while enabling flexible cross-modal behaviors
(e.g., text+audio→dance) through its compositional token structure without
task-specific architectural changes.

In summary, our contributions are:
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Fig. 2: Overview of VersatileMotion. All modalities (text, audio, motion) are tokenized
into a shared vocabulary. Different tasks correspond to different arrangements of the
same token types, processed by a single AR Transformer with one training objective
(next-token prediction). Multi-person motion is handled by per-agent token concatena-
tion with a shared codebook, requiring no architectural changes.

– We demonstrate that the discrete AR paradigm possesses unique compositional
advantages for unified motion modeling, and present VersatileMotion, the
first single model that competitively handles nine motion generation and
understanding tasks spanning text, audio, single-person, and multi-person
scenarios.

– To unlock this compositional potential, we design VerMoVQ, a causal spatio-
temporal VQ-VAE with per-joint body tokens and world-space root preser-
vation that removes the tokenizer-level barriers confining prior discrete AR
models to narrow task scopes.

– We curate MotionHub (∼380K clips, unified SMPL, large-scale multi-modal
annotations) and establish MotionBench, a standardized nine-task evaluation
suite for motion generation and understanding.

2 Related Work

2.1 Motion Generation and Comprehension

Motion tasks are commonly split into generation (text-to-motion, music-to-dance,
speech-to-gesture) and comprehension (motion-to-text, dance-to-music, motion-
to-music), with most methods following either diffusion or discrete autoregressive
(AR) routes. For text↔motion, diffusion models operate in pose or latent
space and yield strong realism and diversity [10, 40, 45, 71]; in parallel, AR
approaches tokenize motion via a VQ-VAE and train Transformers on token
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Table 1: Unified multitasking comparison. T2M : text-to-motion, M2D : music-to-dance,
S2G : speech-to-gesture, M-T2M : multi-agent T2M, M2M : motion prediction/in-between,
M2T : motion-to-text, D2M : dance-to-music, M-M2T : multi-agent M2T.

Methods
Synthesis Comprehension

T2M M2D S2G M-T2M M2M M2T D2M M-M2T

MDM [71] ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗

TM2T [24] ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

TM2D [20] ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗

UDE [94] ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗

MCM [45] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗

MotionGPT [31] ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✗

LMM [89] ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗

UDE2 [93] ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗

UniMuMo [78] ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗

LoM [8] ✓ ✗ ✓ ✗ ✗ ✗ ✗ ✗

M3GPT [56] ✓ ✓ ✗ ✗ ✓ ✓ ✓ ✗

MotionAgent [75] ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✗

VersatileMotion ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

sequences [22, 24, 54, 64, 86]. TM2T and T2M-GPT showed that such tokens
support reciprocal text–motion generation [24,86], inspiring a wave of discrete-
token frameworks. However, most target single-person motion and text-only
conditioning, and are trained on coordinate-based, root-relative formats (e.g.,
HumanML3D [23]) in which global trajectories are normalized to emphasize
relative rather than absolute world-space motion [40].

Music↔dance extends these ideas to audio: generation uses diffusion [1,37,
72] or AR Transformers [26,35,38,68], while the reverse direction treats music
as tokens and learns sequence-to-sequence mappings from motion [13,18,25,96].
Speech-to-gesture focuses on expressive upper-body motion synchronized with
speech and often decouples hands/face from the torso [48,49,80].

Despite rich cross-modal correspondences, these systems are typically special-
ized to a direction or modality pair and do not share a common tokenizer across
tasks (Tab 1).

2.2 Discrete Motion Tokenizers and Motion LLMs

The motion tokenizer underpins the motion-as-language paradigm. Early systems
adopt HumanML3D-style, coordinate-centric representations [23,40,43] mixing
root-relative joint positions, velocities, contacts, and sometimes rotations; AR
models are then trained on fixed-length windows of discrete codes [22,24,54,64,86].
Normalizing global root motion simplifies single-person learning but complicates
multi-human interaction, where absolute spatial relations are essential.
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To raise quantization fidelity, MoMask introduces hierarchical residual tokens
for high-frequency detail [22]; MMM couples masked modeling with a tokenizer
for editing and inpainting [64]; ScaMo and Go-To-Zero use FSQ-based motion
VAEs and large-scale AR training [14, 55]; and DisCoRD adds a rectified-flow
decoder in latent space to reduce artifacts [11]. These advances lower tokenization
noise on single-person text-to-motion, yet most tokenizers remain non-causal in
time and rooted in single-human, root-relative coordinates.

Built atop these tokenizers, motion LLMs apply sequence models to the
resulting motion tokens. T2M-GPT and TM2T use GPT-style decoders [24, 86];
MotionGPT/MotionGPT-2 adopt T5 to unify text–motion tasks [31,73]; LMM
builds a MoE over FineMoGen [89,90]. Language of Motion, M3GPT, and UDE-2
add music or multi-task conditioning [8, 56, 93]; UniMuMo targets dance and
music–text conversion [78]; and MotionLLM / Motion-Agent enable conversa-
tional control [9, 75]. Nevertheless, they largely inherit tokenizer constraints:
non-causality, single-human orientation, root-relative motion, and a narrow task
set centered on text–motion.

3 VersatileMotion Framework

Given text, audio, and/or past-motion conditions, our goal is a single model that
can generate or understand 3D human motion for one or more agents across diverse
tasks. The discrete AR paradigm offers a natural solution: once all modalities
are tokenized into a shared vocabulary, tasks become different arrangements
of the same token types, and the model simply performs next-token prediction
regardless of the specific task. Realizing this potential, however, requires a motion
tokenizer that does not artificially restrict the AR model’s versatility. We first
describe the motion representation (Sec 3.1) and the motion tokenizer VerMoVQ
(Sec 3.2), then present the unified AR Transformer VersatileMotion (Sec 3.3).
The overall framework is illustrated in Fig 2.

3.1 Motion Representation

For the AR model to reason about multi-person interactions and produce
deployment-ready outputs, the motion representation must preserve absolute
world-space positions—root-relative formats eliminate this information by de-
sign. Yet most motion pipelines [23,40] use a coordinate-centric, HumanML3D-
style scheme that normalizes the pelvis to the origin and expresses all joints
root-relatively, discarding global trajectories. While convenient for single-person
learning, this format requires post-hoc IK/retargeting at inference and, critically,
cannot represent the spatial relations between interacting agents.

We instead encode motion directly in a SMPL-style state that preserves global
motion. For each frame t,

xt =
(
pt, vt, Rt

)
, (1)

where pt, vt ∈ R3 are world-space root position and velocity, and Rt ∈ RJ×6 stacks
continuous 6D rotations for all J joints. Retaining pt produces deployment-ready
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SMPL parameters without post-processing and enables multi-human tokenization
as simple per-agent concatenation in a shared code space.

3.2 VerMoVQ: A Causal Spatio-Temporal Motion VQ-VAE

For the AR model to exploit its compositional potential across multi-person,
multi-modal, and temporal scenarios, the motion tokenizer must satisfy three
requirements: (1) preserve world-space positions for multi-agent reasoning, (2)
produce tokens compatible with forward-only generation, and (3) scale gracefully
to large and diverse corpora. Current motion tokenizers violate all three: they
normalize away global trajectories, use bidirectional convolutions, and compress
each frame into a single high-dimensional vector. We address these with VerMoVQ.

We represent each clip as a spatio-temporal tensor

X ∈ RT×K×6, (2)

where T is the number of frames and K the number of body tokens per frame.
Each token is 6D: one token packs root position and velocity [pt, vt]∈R6, and
the remaining K−1 tokens hold 6D joint rotations rt,j ∈R6. Unlike frame tokens
that compress an entire frame into a single high-dimensional vector, we use
low-dimensional body tokens to factor motion across joints while keeping the
embedding size fixed—a design choice whose superiority we verify in ablations
(Sec 4.6). Formally, VerMoVQ comprises a spatio-temporal encoder E, a vector
quantizer Q with codebook C, and a spatio-temporal decoder D:

Z = E(X) ∈ RL×K×d, X̂ = D
(
Q(Z)

)
, (3)

where L ≤ T is the downsampled temporal length and d the latent channel
width. Quantization is applied per time step and body token: for each zℓ,k ∈
Rd, Q selects its nearest codeword in C, yielding a discrete tensor of indices
Q(Z) ∈ {1, . . . ,Kc}L×K . For the AR Transformer, we flatten (ℓ, k) into a 1D
token stream.

Causal temporal convolutions. A non-causal tokenizer that conditions on future
frames during encoding creates a systematic mismatch with the AR Transformer,
which generates tokens in a forward-only manner. To eliminate this discrepancy,
all temporal convolutions in VerMoVQ are strictly causal : when encoding or
decoding frame t, the receptive field includes only frames ≤ t, never future
frames. This ensures forward-only consistency and makes the tokenizer suitable
for prediction, streaming, and autoregressive chaining of variable-length segments.

Spatial body-attention blocks. While temporal convolutions capture dynamics
across time, they process each body token independently along the spatial
axis, ignoring the physical couplings between joints. To model these inter-joint
dependencies, we process the K body tokens {Xt,k}Kk=1 at each time step t with
self-attention along the body dimension, capturing interactions between global
motion and articulated rotations.
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Quantization. We adopt finite scalar quantization (FSQ) [60], which quantizes
each latent dimension using fixed scalar levels and requires no codebook or
commitment losses. This produces a token tensor I ∈ {0, . . . ,Kc−1}L×K , flattened
over (ℓ, k) for AR training.

Training objective. Let xt=(pt, vt, Rt) and x̂t=(p̂t, v̂t, R̂t) be the ground-truth
and reconstructed motion at frame t. The total loss combines an L1 parameter
loss on translation, velocity, and rotations (Lparam) and a forward-kinematics
joint loss (Lfk) computed on root-centered 3D joint positions via FK:

Lrec = Lparam + λfkLfk. (4)

3.3 Unified Autoregressive Transformer

The decoder-only AR formulation offers three structural advantages for unified
motion modeling: (1) all modalities share one vocabulary and one training
objective (next-token prediction), eliminating per-task architectural engineering;
(2) any combination of modalities can serve as a prefix, enabling flexible task
composition at inference without task-specific architectural changes; and (3)
the same model naturally supports both generation (condition→motion) and
understanding (motion→text) by reordering the token sequence.

Multimodal tokenization. All modalities are mapped to a shared vocabulary
Z: text via a subword tokenizer; audio (speech/music/ambient) via a VQ-VAE
into tokens <AUD_x>; motion via VerMoVQ into tokens <MOT_y>. Sequences
use modality-specific [BOS]/[EOS] markers; multi-agent motion wraps each
agent with [MOT_BOS]/[MOT_EOS] and separates agents by [AGENT_SEP]. Because
motion tokens retain world-space root trajectories, inter-agent spatial relations
are implicit, so arbitrary group sizes are supported without architectural changes.

Motion message formulation. Each task is encoded as one token stream with
three parts: Instruction (natural language), Condition (any subset of modali-
ties and optional metadata, each enclosed by BOS/EOS markers), and Reply
(target tokens with BOS/EOS). During training, optional condition fields are
stochastically included to support composite tasks; at inference, the model au-
toregressively generates the reply given the preceding segments. Representative
formats appear in Tab 14.

We illustrate a single motion message that simultaneously conditions on
multi-agent motion, audio, and text as follows:

Instruction I [INSTR_BOS] Generate motion w.r.t. the given music and caption.
[INSTR_EOS]
Condition C [COND_BOS] [TEXT_BOS] Two dancers perform complementary sequences: one
spins clockwise, the other leaps upward. [TEXT_EOS] [AUDIO_BOS] <AUD_23> <AUD_98>
<AUD_188> ... <AUD_47> [AUDIO_EOS] [NUM_PERSON] [DURATION] [COND_EOS]
Reply R [REPLY_BOS] [MOT_BOS] <MOT_12> <MOT_100> ... <MOT_240> [AGENT_SEP] <MOT_26>
<MOT_38> ... <MOT_35> [MOT_EOS] [REPLY_EOS]
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Generalist pretraining and fine-tuning. Training proceeds in two stages: (i) Gen-
eralist pretraining—sample diverse subtasks from MotionHub and optimize
next-token likelihood on full instruction–condition–reply sequences to learn a
unified prior across all modalities and tasks; (ii) Generalist SFT—fine-tune on
benchmark (condition, instruction)→reply pairs with reply-only supervision to
adapt to task constraints while keeping cross-modal competence.

Dual-pathway task sampling. The tasks in MotionHub are highly imbalanced:
single-person text-to-motion dominates, whereas audio-conditioned tasks are
scarce (e.g., music-conditioned samples are under 1% of the eligible data). Drawing
each training example uniformly from the corpus—a data-proportional pathway,
in which a task’s exposure scales with its supporting data—thus lets such rare
tasks be sampled almost never, so the model never learns to attend to the audio
condition. We therefore sample along two pathways: (a) the data-proportional
pathway above, which favors abundant skills and stabilizes the shared prior; and
(b) a task-uniform pathway that first selects a task uniformly from the eligible
task pool and then draws examples for that task, giving every task equal expected
exposure regardless of its data volume. We use pathway (a) during generalist
pretraining to build broad cross-modal priors, and pathway (b) during generalist
SFT to lift the under-exposed audio tasks while rehearsing well-learned skills so
they are not forgotten.

4 Experiments

4.1 Experimental Setup

Data. All training and evaluation use subsets of MotionHub, our large-scale
motion–language corpus that covers single- and multi-person settings across
diverse tasks. We standardize all sources to a unified SMPL representation at
30 fps. Full data composition, pre-processing details, and the motion/evaluator
feature extractors are described in Appendix Sec C.

Evaluation protocol. We evaluate tokenizer reconstruction plus nine downstream
tasks, grouped as: (i) motion tokenizer reconstruction (Sec 4.2), (ii) language-
conditioned tasks—text-to-motion (Sec 4.3), multi-person text-to-motion
(Sec 4.4), motion-to-text, motion prediction and in-betweening, long-term
sequential generation, and (iii) audio-conditioned tasks—music-to-dance /
dance-to-music and speech-to-gesture. Ablation studies on the training strategy
and VerMoVQ architecture are presented in Sec 4.6.

Baselines. We compare against strong recent methods spanning three paradigms:
(a) diffusion-based : MDM [71], MotionDiffuse [87], MLD [10], ReMoDiffuse [88],
HY-Motion [46]; (b) autoregressive & masked : T2M-GPT [86], MotionGPT [31],
MoMask [22], Go-To-Zero [14], MotionStreamer [76]; and (c) unified multi-task
models : M3GPT [56], LMM [89], MotionLLM [9], LoM [8]. For multi-person inter-
action we additionally compare with ComMDM [66], InterGen [40], InterMask [28],
and InterControl [74].
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Table 2: Motion tokenizer reconstruction quality. All tokenizers are evaluated
on the MotionHub test set. MPJPE / PA-MPJPE are in mm, MPJRE in degrees,
and “CB Util.” denotes codebook utilization (%). Bold / underline mark the best /
second best within each #P group.

#P Method Repr. Quant. |CB| MPJPE ↓ PA-MPJPE ↓ MPJRE ↓ CBUtil. ↑

Prior tokenizers

1P

MLD [10] HML3D VAE – 72.52 48.13 15.74 –
MotionStreamer [76] SMPL TAE – 36.42 27.21 7.76 –
TM2T [24] HML3D VQ 1024 86.28 57.63 19.41 52.0
MotionGPT [31] HML3D VQ 512 71.47 51.49 18.93 99.9
MoMask [22] HML3D RVQ 512×6 47.90 30.02 15.84 100.0
Go-To-Zero [14] SMPL FSQ 64k 27.19 21.19 6.35 83.7
LoM [8] SMPL VQ 512×4 48.97 37.11 7.97 100.0

VerMoVQ (Ours)
1D SMPL RVQ 1k×6 12.34 9.49 3.43 100.0
2D SMPL FSQ 1k 24.42 14.77 2.71 100.0
2D SMPL FSQ 4k 19.81 11.67 2.15 99.2
2D SMPL FSQ 16k 18.13 10.51 1.93 97.3
2D SMPL FSQ 64k 13.54 8.38 1.50 59.2

Prior tokenizers

2P

Go-To-Zero [14] SMPL FSQ 64k 38.80 28.89 7.60 60.9
MotionStreamer [76] SMPL TAE – 78.04 57.53 16.03 –
InterMask [28] InterX VQ 1024 67.10 51.14 10.61 99.5

VerMoVQ (Ours)
2D SMPL FSQ 16k 18.52 10.73 2.07 97.8

4.2 Motion Tokenizer Reconstruction

Reconstruction fidelity sets the quality ceiling of any discrete AR system, since
information lost at tokenization cannot be recovered downstream. We evaluate
on both single- and two-person motion, reporting MPJPE and PA-MPJPE
(mm), MPJRE (degrees), and codebook utilization. As shown in Tab 2, the 2D
spatio-temporal factorization of VerMoVQ yields substantially lower joint errors
than all baselines: in the 1P setting, VerMoVQ (2D, FSQ 16k) achieves 18.13 mm
MPJPE, outperforming the best prior VQ-based tokenizer Go-To-Zero (27.19 mm)
by ∼33%, while the continuous-output MotionStreamer (36.42mm) also trails
significantly. The improvement stems from low-dimensional body tokens that
reduce per-codebook quantization pressure compared to single high-dimensional
frame vectors. While our 1D RVQ variant attains an even lower reconstruction
error (12.34mm), we adopt the 2D tokenizer for downstream AR modeling
because it delivers substantially better generation quality: as shown in Tab 12,
the 2D design consistently outperforms 1D on gFID across all codebook sizes. In
the 2P setting, the same tokenizer applied per-person maintains strong quality
(18.52mm), demonstrating that world-space root preservation enables simple
per-agent tokenization with a shared codebook.

4.3 Text-to-Motion (Single-Person)
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Table 3: Text-to-motion (1P) on HumanML3D and MotionHub. All metrics
are computed using our trained TMR features. “∗” denotes models retrained on the
corresponding dataset. Bold: best; underline: second best.

Method
HumanML3D [23] MotionHub

R-P T1↑ R-P T3↑ FID↓ MM-D↓ Div.→ R-P T1↑ R-P T3↑ FID↓ MM-D↓ Div.→

Real 0.776 0.902 0.000 0.906 21.63 0.664 0.845 0.000 0.988 22.98

Diffusion / flow-based
MDM [71] 0.223 0.415 0.362 1.173 21.46 0.115 0.244 0.445 1.211 21.19
MLD [10] 0.232 0.418 0.373 1.170 21.30 0.127 0.256 0.400 1.209 21.32
ViMoGen [42] 0.155 0.297 0.400 1.205 19.78 0.158 0.304 0.533 1.213 20.05
MotionStreamer [76] 0.460 0.715 0.065 1.024 21.89 0.190 0.367 0.411 1.176 21.38
HY-Motion [46] 0.561 0.797 0.185 1.063 22.36 0.417 0.621 0.363 1.148 22.87

Discrete / autoregressive / masked
TM2T [24] 0.130 0.288 0.491 1.213 19.35 0.070 0.167 0.658 1.253 18.79
TM2D [20] 0.075 0.168 0.446 1.248 19.88 0.041 0.115 0.545 1.275 20.10
T2M-GPT∗ [86] 0.369 0.589 0.338 1.120 21.43 0.142 0.284 0.463 1.217 21.06
MoMask∗ [22] 0.494 0.749 0.346 1.194 23.23 0.169 0.347 0.434 1.198 21.68
MotionGPT [31] 0.313 0.502 0.324 1.155 21.29 0.129 0.243 0.434 1.237 21.10
MotionGPT3 [95] 0.414 0.639 0.372 1.113 20.82 0.206 0.364 0.441 1.181 21.08
LoM [8] 0.170 0.334 0.303 1.148 18.72 0.106 0.221 0.623 1.210 18.85
Go-To-Zero [14] 0.443 0.653 0.075 1.052 21.64 0.291 0.464 0.101 1.130 22.96

VersatileMotion 0.457 0.692 0.062 1.039 21.74 0.408 0.612 0.098 1.122 22.82

Table 4: Multi-person text-to-motion (2P)
on MotionHub. “∗” denotes retrained models.
Bold: best; underline: second best.

Method R-P↑ FID↓ MM-D↓ Div→

Real 0.851 – 0.946 25.25

ComMDM∗ [66] 0.141 1.01 1.357 17.80
InterGen [40] 0.367 0.77 1.265 22.51
InterCtrl [74] 0.413 0.66 1.211 22.16
InterMask [28] 0.508 0.43 1.147 23.44

VersatileMotion 0.473 0.51 1.165 23.11

Tab 3 reports R-Precision, FID,
MM Dist and Diversity on
HumanML3D and MotionHub
(TMR features). On HumanML3D,
where all baselines are trained,
VersatileMotion achieves the low-
est FID (0.062), ahead of Mo-
tionStreamer (0.065), with com-
petitive R-Precision. On Motion-
Hub, where most baselines were
not trained, the gap widens: Ver-
satileMotion attains the best FID
(0.098) and MM-Dist, trailing HY-
Motion only on R-Precision. This confirms the VQ+AR paradigm can rival the
best diffusion models given a well-designed tokenizer and large-scale data.

4.4 Text-to-Motion (Multi-Person)

We evaluate multi-person text-to-motion (2P) in Tab 4 on the MotionHub multi-
person test set, using a multi-person TMR encoder for feature extraction. Because
most baselines discard absolute root position/orientation, their two-person re-
sults are computed in a first-frame root-relative frame and post-processed by
re-injecting the ground-truth root; VersatileMotion is evaluated directly in world
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space. VersatileMotion achieves the second-best results across all metrics, nar-
rowly behind InterMask, while substantially outperforming the diffusion-based
ComMDM. Notably, this is accomplished by simple per-agent token concatenation
in the shared codebook, without any interaction-specific architecture.

4.5 Additional Generation and Understanding Tasks

Table 5: Motion-to-text on HumanML3D
and MotionHub. R-Prec (Top-3, 64 cands.) and
MM Dist use TMR features; BERT uses RoBERTa-
large; Sim uses Sentence-BERT. “∗” = retrained on
MotionHub. MotionGPT3 is omitted: its released
weights yield a degenerate caption decoder (motion
understanding works, but text decoding is not re-
producible). Best in bold, second underlined.

Method R-P↑ MM-D↓ BERT↑ MET↑ Sim↑

HumanML3D (1P)
Real 0.830 0.945 1.003 1.003 1.003

MotionGPT [31] 0.398 1.123 0.895 0.367 0.598
TM2T [24] 0.536 1.062 0.909 0.403 0.670
VersatileMotion 0.686 1.044 0.909 0.370 0.642

MotionHub (1P)
Real 0.930 0.835 1.006 1.008 1.009

MotionGPT [31] 0.153 1.260 0.884 0.192 0.484
TM2T [24] 0.186 1.257 0.884 0.190 0.539
VersatileMotion 0.509 1.115 0.901 0.422 0.694

MotionHub (2P)
Real 0.922 0.904 1.005 1.004 1.005

TM2T∗ [24] 0.623 1.089 0.882 0.378 0.615
MotionGPT∗ [31] 0.691 1.045 0.907 0.420 0.662
VersatileMotion 0.778 0.994 0.929 0.466 0.728

Beyond text-to-motion, Ver-
satileMotion is evaluated on
seven additional tasks spanning
language-conditioned and audio-
conditioned domains, with re-
sults below and in the supple-
mentary material.

Motion-to-text (Tab 5). Ver-
satileMotion attains the best
retrieval accuracy on Hu-
manML3D (R-Prec=0.686,
MM-Dist=1.044 vs. 0.536
/ 1.062 for TM2T), while
TM2T stays competitive
only on surface-fluency scores
(BERT/METEOR/Sim). The
gap widens sharply on Motion-
Hub, where VersatileMotion
leads every metric for both
single-person (R-Prec=0.509
vs. 0.186) and two-person
(R-Prec=0.778 vs. 0.691)
captioning.

Motion prediction and in-
betweening (Tab 6). Across all
three conditioning regimes and both tasks, VersatileMotion is best on R-Precision,
FID, ADE, and FDE. In the hardest single-frame regime it reaches FID = 0.166
(in-betweening) against 0.276 for the strongest baseline MotionGPT3, whereas
MotionGPT cannot operate from a single frame at all; the lead persists with no
text (40%/20% context), where VersatileMotion attains the lowest FID by a
wide margin (0.147 vs. 0.240), handling arbitrary masking without task-specific
architecture or retraining.

Long-term sequential generation (Tab 9). On BABEL [65], VersatileMotion
achieves the best subsequence quality (R@3=0.489, FID=0.106), slightly sur-
passing MotionStreamer (0.469, 0.121) while matching transition smoothness;
the causal tokenizer naturally supports variable-length chaining without explicit
transition modeling.
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Table 6: Motion prediction (Pred) and in-betweening (Btw) on MotionHub.
Three conditioning regimes: (a) 1 frame + text; (b) 10%/5% frames + text; (c) 40%/20%
frames, no text.

(a) 1 frame + text (b) 10%/5% + text (c) 40%/20%, no text

Method Task R-P↑ FID↓ ADE↓ FDE↓ R-P↑ FID↓ ADE↓ FDE↓ FID↓ Div→ ADE↓ FDE↓

Real – 0.845 0.000 0.000 0.000 0.846 0.000 0.000 0.000 0.000 22.91 0.000 0.000

MDM [71]
Pred 0.351 0.360 0.951 1.819 0.349 0.379 0.829 1.671 0.307 21.74 0.424 1.203
Btw 0.399 0.356 0.950 1.792 0.412 0.345 0.887 1.675 0.277 21.90 0.662 1.334

MotionGPT [31]
Pred – – – – 0.047 0.329 1.238 2.145 0.321 21.00 0.519 1.169
Btw – – – – 0.045 0.327 1.184 1.934 0.359 20.84 1.067 1.811

MotionGPT3 [95]
Pred 0.285 0.293 1.041 1.929 0.311 0.272 0.865 1.680 0.267 21.36 0.398 1.088
Btw 0.312 0.276 1.021 1.884 0.341 0.268 0.843 1.650 0.240 21.55 0.570 1.246

VersatileMotion
Pred 0.423 0.184 0.816 1.542 0.439 0.175 0.681 1.320 0.157 21.69 0.303 0.876
Btw 0.453 0.166 0.794 1.482 0.475 0.159 0.661 1.290 0.147 21.87 0.423 1.016

A person lifts one knee while raising both hands in front of the face to maintain balance.

A person steps forward while throwing something with the left hand, then steps back to the original position.

ViMoGen OursGoToZero

Fig. 3: Qualitative comparison on single-person text-to-motion. VersatileMotion pro-
duces coherent full-body motion with correct semantics, while Go-To-Zero [14] exhibits
unnatural root trajectories and ViMoGen [42] shows temporal inconsistencies.

Music-to-dance and dance-to-music (Tab 10 and Tab 11). For music→dance, Ver-
satileMotion attains the best FID and kinetic FID on both AIST++ (FID = 0.152,
FIDk =24.85) and FineDance (0.185, 32.48), surpassing dedicated dance gen-
erators; adding text guidance (music+text→dance) further improves fidelity
(FID = 0.138 on AIST++). For dance→music (Tab 11), VersatileMotion attains
the strongest beat alignment (BCS/BHS/F1) with the lowest deviation while
remaining competitive on FAD, outperforming dedicated dance-to-music systems.

Speech-to-gesture (Tab 15). We compare against CaMN [49], DiffStyGest [79],
EMAGE [48], TalkSHOW [80], MCM [45], and LoM [8]. Full results are in the
supplementary material.
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Table 7: Multi-task co-training ablation (VersatileMotion-1B). Jointly training all
tasks vs. single-task specialists, across text-to-motion (T2M), motion-to-text (M2T),
music+text→dance (M+T→D), and text+speech→gesture (T+S→G).

Setting
T2M M2T M+T→D T+S→G

FID↓ R-T3↑ MMD↓ R-T3↑ MMD↓ FIDk ↓ BAS↑ FID↓ BA→

Single-task specialist 0.075 0.680 1.041 0.666 1.073 32.5 0.215 0.399 0.183
All tasks mixed (Ours) 0.062 0.692 1.039 0.686 1.044 23.52 0.238 0.346 0.219

Table 8: Training-strategy ablations (VersatileMotion-1B).
(i) generation↔understanding; (ii) LLM backbone; (iii) pseudo multi-person
pretraining.

Setting
T2M M2T

FID↓ R-T3↑ MMD↓ R-T3↑ MMD↓

(i) Generation ↔ understanding
Generation only (T2M) 0.074 0.683 1.046 – –
Understanding only (M2T) – – – 0.658 1.067
Joint gen. + understand. 0.062 0.692 1.039 0.686 1.044

(ii) LLM backbone
Random Init – 1B 0.147 0.549 1.122 0.484 1.160
Qwen3 – 0.6B 0.093 0.655 1.066 0.625 1.045
LLaMA 3.2 – 1B 0.062 0.692 1.039 0.686 1.044
Qwen3 – 1.7B 0.060 0.690 1.045 0.673 1.053

(iii) Pseudo multi-person pretrain†

w/o pseudo multi-person 0.60 0.427 1.218 0.544 1.098
w/ pseudo multi-person 0.51 0.473 1.165 0.778 0.994

†Evaluated on two-person (2P) tasks.

4.6 Ablation Study

Multi-task co-training (Tab 7). Joint multi-task training improves both
music+text→dance and text+speech→gesture quality, benefiting from richer
cross-domain motion priors and stronger semantic alignment from large-scale
text-motion pairs.

Generation ↔ understanding (Tab 8 (i)). Joint training benefits both T2M
and M2T directions, indicating that generation and comprehension provide
complementary learning signals.

LLM backbone (Tab 8 (ii)). Pre-trained initialization clearly beats random; among
Qwen3-0.6B, LLaMA 3.2-1B, and Qwen3-1.7B, we use LLaMA 3.2-1B by default,
as it gives the best R-Precision, MM-Dist, and M2T quality at lower cost than
the larger Qwen3-1.7B, which only marginally lowers FID.



VersatileMotion: Unified Motion Synthesis & Comprehension 15

The persons hug each other

InterGen Ours

A pair of people stand opposite each other, playing a game with hand motions.

Fig. 4: Qualitative comparison on multi-person text-to-motion between VersatileMotion
and InterGen [40]. VersatileMotion generates plausible two-person interactions via
per-agent token concatenation, while InterGen struggles with spatial coordination.

Pseudo multi-person pretraining (Tab 8 (iii)). Composing single-person clips into
pseudo two-person data during pretraining markedly improves two-person T2M
and M2T.

Tokenizer design (Tab 12). In the supplementary, VerMoVQ’s 2D design consis-
tently beats 1D, and FK loss with body-attention further improve joint accuracy.

Qualitative results. Fig 3 and Fig 4 show coherent single-person motion and
plausible two-person interactions from VersatileMotion, while baselines exhibit
unnatural roots, jitter, or weak coordination.

5 Conclusion

We presented VersatileMotion, a unified autoregressive framework that casts
diverse human-motion tasks as next-token prediction over a shared discrete
vocabulary, spanning text-, music-, and speech-conditioned generation and com-
prehension. Powered by VerMoVQ, a world-space motion tokenizer, and the
∼380K-clip MotionHub corpus, a single model rivals or surpasses task-specific
baselines across nine tasks, showing that earlier discrete methods were limited
by their tokenizers and data, not the autoregressive paradigm.
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