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Figure 1. UniAct, a unified framework for multimodal motion generation and action streaming. UniAct enables humanoid robots
to interpret and execute diverse multimodal instructions—including natural language, musical rhythms, spatial trajectories, and reference
motions—with high-fidelity performance. The architecture consists of three core components: (a) a fine-tuned MLLM that translates
heterogeneous inputs into discrete motion tokens via a shared codebook using FSQ; (b) a causal decoding and streaming pipeline that
ensures low-latency delivery of reference motions; and (c) a robust motion tracker that executes the generated motions while maintaining
dynamic balance.

Abstract

A long-standing objective in humanoid robotics is the real-
ization of versatile agents capable of following diverse mul-
timodal instructions with human-level flexibility. Despite
advances in humanoid control, bridging high-level multi-
modal perception with whole-body execution remains a sig-
nificant bottleneck. Existing methods often struggle to trans-
late heterogeneous instructions—such as language, music,
and trajectories—into stable, real-time actions. Here we

show that UniAct, a two-stage framework integrating a fine-
tuned Multimodal Large Language Model (MLLM) with
a causal streaming pipeline, enables humanoid robots to
execute multimodal instructions with sub-500 ms latency.
By unifying inputs through a shared discrete codebook via
Finite Scalar Quantization (FSQ), UniAct ensures cross-
modal alignment while constraining motions to a physi-
cally grounded manifold. This approach yields a 19% im-
provement in the success rate of zero-shot tracking of im-
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perfect reference motions. We validate UniAct on UA-Net,
our 20-hour humanoid motion benchmark, demonstrating
robust generalization across diverse real-world scenarios.
Our results mark a critical step toward responsive, general-
purpose humanoid assistants capable of seamless interac-
tion through unified perception and control.

1. Introduction

Advances in humanoid control have yielded remarkable
progress in low-level tracking [36, 77], force control [85],
and agile locomotion [39, 63]. These developments enable
robots to execute complex physical tasks with unprece-
dented precision. However, a fundamental gap persists be-
tween high-level perception and low-level execution, limit-
ing humanoid systems’ ability to translate multimodal in-
structions into coherent, stable actions seamlessly.

Existing attempts to bridge this perception-control gap
generally follow two bifurcated paradigms: one-step end-
to-end mapping or two-step hierarchical pipelines. One-
step methods [60, 75], often utilizing variational autoen-
coders (VAEs) or diffusion models, offer low latency but
typically struggle with the long-term temporal dependen-
cies and cross-modal reasoning required for complex in-
structions. Conversely, two-step methods [20, 45] decouple
motion generation from execution; while this improves in-
struction comprehension, it introduces significant compu-
tational overhead and real-time planning challenges. Fur-
thermore, both paradigms remain brittle when encountering
out-of-distribution (OOD) observations or imperfect human
demonstrations, often generating physically infeasible mo-
tions that result in hardware instability or falls.

The emergence of MLLMs [42, 84, 86] and robust mo-
tion trackers [20, 36] provides a promising pathway to re-
solve this tension. MLLMs excel at reasoning across diverse
modalities, while modern trackers can execute reference
motions with high fidelity. Leveraging these breakthroughs,
we introduce UniAct, a unified framework that harmonizes
high-level multimodal perception with low-level whole-
body control via a decoupled two-stage architecture.

In the first stage, a fine-tuned MLLM processes di-
verse inputs—including language, music, and trajectories—
to generate discrete motion tokens via a unified codebook.
These tokens are then streamed to the second stage, where a
causal decoder translates them into real-time commands for
a robust motion tracker. This design introduces three key in-
novations: (i) a unified token representation that facilitates
seamless cross-modal translation, (ii) a next-token predic-
tion paradigm that minimizes response latency, and (iii) a
discrete action space that restricts generation to a physically
grounded manifold, inherently improving tracking robust-
ness against OOD inputs.

Our evaluation demonstrates UniAct’s versatility across

a spectrum of tasks. The system accurately interprets com-
plex sequential commands, synchronizes expressive dance
movements with real-time musical beats, and follows pre-
cise spatial trajectories while maintaining natural gaits. No-
tably, our framework achieves a 19% improvement in zero-
shot tracking of low-quality reference motions compared to
state-of-the-art (SOTA) baselines. These capabilities were
validated through more than 1,000 simulation trials and
100+ hours of real-world operation on physical humanoid
platforms.

To advance reproducible research on humanoid control,
we contribute UA-Net, a comprehensive 20-hour dataset of
high-quality robot motions. Meticulously organized in lex-
icographic order and annotated in multiple modalities, in-
cluding linguistic descriptions and rhythmic patterns, UA-
Net serves as a rigorous benchmark for evaluating the mul-
timodal instruction following capabilities.

In summary, our key contributions are:
• We present UniAct, a unified framework that integrates

MLLMs with robust whole-body tracking, achieving a re-
sponse latency of sub-500 ms for multimodal humanoid
control.

• We introduce a unified motion embedding method that
leverages shared discrete tokens to enable seamless cross-
modal translation and enhanced tracking stability.

• We demonstrate the robust generalization of UniAct
through extensive real-world experiments across diverse
linguistic, rhythmic, and trajectory following tasks.

• We establish UA-Net, a large-scale multimodal bench-
mark and standardized evaluation protocol to facilitate fu-
ture research on humanoid embodied intelligence.

2. Related work
Whole-body humanoid control Humanoid control

has its foundations in physics-based animation, where re-
inforcement learning is extensively used to track reference
motions with high fidelity [43, 49, 50, 59]. To facilitate
high-level task specification, research has introduced ad-
versarial embeddings [11, 51] and task-specific latent poli-
cies [47, 64] to enable behavioral synthesis through compo-
sitional inputs [8, 68, 72, 74]. Recent approaches further in-
tegrate diffusion-based motion planning with robust track-
ing policies for multi-task character control [67]. Despite
their effectiveness in simulation, these animation-centric
methods fundamentally rely on privileged observations that
are typically unavailable in real-world settings.

In the physical domain, humanoid control has progressed
through robust low-level mechanisms [17, 20, 22, 23, 25,
29, 36, 77, 80, 81] capable of handling diverse modalities,
including directional locomotion [6, 14, 56, 57, 63], end-
effector pose specification [20, 32], and natural language
commands [34, 60, 75]. However, existing frameworks gen-
erally treat these modalities in isolation through distinct
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injection mechanisms [12, 75]. Language-conditioned ap-
proaches, in particular, face a stark trade-off: hierarchical
pipelines [20, 21] often sacri�ce real-time responsiveness
for comprehension, while end-to-end architectures that in-
corporate language latents directly [34, 60] often struggle
with complex semantic reasoning. Consequently, the �eld
lacks a uni�ed framework capable of processing heteroge-
neous multimodal inputs while maintaining deterministic,
real-time control.

Multimodal human motion generation Motion gen-
eration has evolved from specialized text-driven ap-
proaches [1, 2, 9, 15, 18, 24, 37, 38, 41, 52, 53, 55, 65,
66, 82, 83] to versatile systems incorporating diverse con-
trol modalities, such as spatial trajectories [26, 40, 54, 73]
and rhythmic musical signals [3, 27, 31, 62, 69, 70]. Recent
uni�ed frameworks [5, 33, 35, 42, 84, 86] seek to harmonize
these modalities within a single architecture: M3GPT [42]
employs discrete vector quantization for cross-modal syn-
thesis, UDE [86] utilizes modality-agnostic transformers,
and MotionCraft [5] adopts a coarse-to-�ne training strat-
egy for varying control granularities. While these methods
achieve impressive of�ine generation quality, they predom-
inantly rely on iterative diffusion processes or multi-stage
pipelines that introduce substantial computational latency.
Consequently, they remain ill-suited for humanoid control
applications that demand instantaneous, real-time response.

Humanoid motion dataset Progress in humanoids
is signi�cantly hampered by the scarcity of high-quality
datasets compared to �xed-base manipulation platforms [7,
13, 16, 71]. To bridge this gap, motion retargeting tech-
niques [43, 78, 79] have been developed to adapt human
MoCap data from general-purpose repositories [19, 28, 44]
to humanoid morphologies. Specialized datasets like Om-
niH2O [20], OmniRetarget [76], and TWIST [80] have fur-
ther advanced the �eld by providing loco-manipulation data
tailored to speci�c robot embodiments. However, existing
datasets focus on physical trajectories while neglecting the
underlying semantic meanings and the need for multimodal
alignment. This lack of comprehensive, semantically rich
benchmarks constrains the development of humanoids ca-
pable of following multifaceted, complex instructions.

3. The UniAct model

UniAct addresses the challenge of translating diverse mul-
timodal instructions into robust humanoid motion through
a uni�ed three-stage pipeline, as illustrated in Fig. 1. The
framework consists of: (i) FSQ-based instruction tokeniza-
tion that uni�es heterogeneous inputs [46], (ii) MLLM-
driven motion generation that produces temporally coherent
motion sequences, and (iii) real-time whole-body tracking
that executes generated motions on physical hardware.

As detailed in Fig. 2, the system �rst encodes text, mu-
sic, trajectories, and reference motions into a shared discrete

Figure 2. Overview of UniAct and multimodal representations.
(a) Humanoid motion is represented as temporal sequences of DoF
positions, tokenized via FSQ. (b) Trajectory features are one-hot
encoded based on the turning angle degree of segmented paths.
(c) System architecture: the server-side MLLM processes multi-
modal inputs (text, music, trajectory) and FSQ-tokenized motions
to autoregressively generate motion tokens; a causal decoder trans-
forms tokens to continuous DoF positions, which are streamed to
the client and executed by the tracking controller for real-time mo-
tion synthesis.

token representation. A �ne-tuned MLLM then processes
these tokens to autoregressively generate motion sequences.
Finally, a causal decoder streams the generated tokens to a
robust motion tracker, enabling immediate execution on the
humanoid platform with sub-500 ms latency.

3.1. Problem formulation

We formulate the multimodal humanoid control prob-
lem as follows. Given a multimodal instruction C �
tCtext; Cmusic; Ctraj; Cmotionu, where each component repre-
sents an optional control signal, UniAct generates a tem-
poral sequence of target degree of freedom (DoF) posi-
tions pt P RD at each control timestep t, with D denoting
the robot's total DoF. The key challenge lies in bridging
the semantic gap between high-level multimodal instruc-
tions and low-level joint-space commands while maintain-
ing real-time performance and physical feasibility.

3.2. Multimodal instruction tokenization

To enable uni�ed processing across heterogeneous modali-
ties, we map continuous input signals X into a discrete la-
tent space compatible with autoregressive language model-
ing. Our tokenization strategy adapts to the distinct physical
and semantic characteristics of each modality while main-
taining a shared discrete vocabulary.
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Text Text instructions are tokenized using the native
vocabulary of Qwen2.5 [4], directly leveraging the model's
pre-trained word embeddings and linguistic understanding
capabilities. Unlike other modalities described below, text
requires no additional encoding.

Music Music signals are processed at 30 Hz following
the AIST++ [30] protocol to extract temporal features. At
each timestep, we compute a 35-dimensional feature vec-
tor comprising: the envelope (capturing amplitude varia-
tions), 20 MFCC coef�cients (representing timbral charac-
teristics), 12 chroma features (encoding harmonic content),
and binary indicators for beat peaks and onsets. This repre-
sentation captures both rhythmic structure and timbral qual-
ities essential for dance generation.

Trajectory Trajectories are represented as the angles
of line segments (Fig. 2(b)). We focus on heading direction
variations to capture locomotion patterns while maintain-
ing computational ef�ciency. The continuous trajectory is
segmented at 5 FPS; at each frame i, we compute the root
displacement in the previous frame's coordinate system:

r i � R T
i�1 ppi �p i�1 q P R3; (1)

where pi denotes the root position and Ri�1 is the rotation
matrix at frame i �1. This formulation ensures orientation-
invariant encoding. The angular difference in heading direc-
tion is then discretized into 6-degree bins, yielding a com-
pact codebook of size 360{6 � 60.

Motion Reference motions are represented directly as
humanoid DoF positions, eliminating the need for retarget-
ing and enabling end-to-end control. For the Unitree-G1
robot with 29 DoFs, each frame is encoded as qi P R29 con-
taining all joint angle values.

To unify music, trajectory, and motion representations
into discrete tokens compatible with autoregressive lan-
guage modeling, we employ FSQ. For music and motion
modalities, we train separate encoder-decoder pairs that
compress continuous features into latent representations,
which are then element-wise quantized:

FSQpzq � roundptanhpzq�Lq; (2)

where z denotes the encoder output and L speci�es the
quantization levels per dimension. Both encoder and de-
coder are implemented as 1D convolutional networks with
residual connections, trained to minimize reconstruction
loss LFSQ� ||X � X̂|| 2

2 (details in Sec. B.1). This ar-
chitecture preserves temporal coherence while maintain-
ing computational ef�ciency. The quantized latents are
subsequently mapped to discrete token indices, creating
modality-speci�c vocabularies Vmusic, Vtraj, and Vmotion.

3.3. Motion generation

We �ne-tune Qwen2.5-3B [4] to autoregressively predict
motion tokens conditioned on multimodal inputs. Our ap-

proach uni�es all modalities through early fusion, con-
structing a shared vocabulary by concatenating tokens:

Vuni�ed � V textYVmusicYVtraj YVmotion: (3)

To maintain a manageable vocabulary size, we substitute
the least frequent text tokens with tokens from other modal-
ities. This substitution preserves the model's capacity for
common linguistic instructions while accommodating the
additional modality-speci�c vocabularies.

Sequence structure and training During training, we
wrap each modality's token sequence with special delim-
iter tokens that clearly delineate modality boundaries. The
complete input sequence takes the form of a concatenation
of all available modalities—each enclosed by its respective
delimiters—followed by the target motion sequence. This
explicit boundary marking allows the model to distinguish
between different conditioning modalities and the motion
tokens to be predicted.

To support generation with arbitrary-length conditions,
we apply a sliding window approach to trajectory and music
modalities during training. Speci�cally, we randomly sam-
ple �xed-length segments from the full token sequences of
these modalities. This approach enables the model to learn
from diverse temporal contexts while maintaining compu-
tational ef�ciency through bounded sequence lengths.

The model is optimized via standard autoregressive lan-
guage modeling:

L gen� �
Ţ

t�1

log Ppsmotion
t |s t ; Cq; (4)

where s t represents all preceding tokens (including both
conditioning modalities and previously generated motion
tokens), and C denotes the multimodal instruction context.

Inference During inference, the model autoregres-
sively generates motion tokens conditioned on the input
modalities. The generated discrete tokens are then decoded
back to continuous DoF positions through the trained FSQ
decoder, producing target reference motions for the hu-
manoid tracking controller.

3.4. Causal motion decoding

To enable real-time motion execution, we implement a
causal decoding mechanism that transforms generated mo-
tion tokens into humanoid DoF positions in a streaming
fashion. The causal constraint ensures that the decoded mo-
tion at timestep t depends only on tokens up to time t, en-
abling online inference without future information:

h t �
K�1¸

k�0

W k �h t�k �b; (5)

where K denotes the kernel size, and Wk and b are
learned convolution parameters. To balance computational
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Figure 3. UA-Net dataset analysis. (a) Representative text descriptions of human motions from UA-Net. (b) Rendered motion frames
corresponding to selected descriptions. (c) Action verb diversity comparison: we visualize the presence of 1684 common verbs on a square
grid organized alphabetically (A–Z), where each cell represents a verb. UA-Net demonstrates signi�cantly broader vocabulary coverage
compared to HumanML3D [18]. (Vector graphics; zoom for details.)

ef�ciency with low latency, we adopt a chunked decoding
strategy where decoding is triggered only when accumu-
lated tokens reach a prede�ned chunk size, reducing over-
head while maintaining responsive motion generation.

3.5. Real­time motion streaming

We implement a server-client streaming architecture that
decouples computationally intensive motion generation
(server-side) from real-time robot control (client-side).
When instructions are provided through the client interface,
the commands are forwarded to the GPU-equipped server,
which tokenizes the multimodal instruction and feeds it to
the Qwen2.5 model for autoregressive motion generation.
Generated tokens are continuously decoded and streamed
to the client via low-latency WebSocket communication. To
ensure smooth transitions between consecutive instructions,
we maintain 10 motion tokens as history context when pro-
cessing new commands.

The server generates motions faster than real-time, creat-
ing a temporal mismatch between the server's variable gen-
eration rate and the client's �xed 50 Hz control frequency.
We address this through a client-side motion cache that
accumulates incoming frames from the server. The client
queries this buffer at precise 20 ms intervals, ensuring con-
sistent reference motion delivery to the tracking controller
regardless of server-side generation speed variations. This
decoupling guarantees smooth playback even when the gen-
eration experiences momentary slowdowns or speedups.

3.6. Humanoid motion tracking

The decoded motion sequences are streamed to a modi�ed
BeyondMimic [36] tracker that serves as the low-level con-

troller. We adapt the original tracker by removing the global
orientation component from the reference motion observa-
tion, allowing the policy to focus exclusively on relative
joint con�gurations rather than absolute orientation:

ot � rq ref
t ; 9qref

t ; qcurr
t ; 9qcurr

t ; gt ; ! t ; at�1 s; (6)

where qref
t represents the decoded reference joint positions,

qcurr
t denotes the current robot joint state, gt is the gravity

vector in the robot's body frame, !t is the angular velocity,
and at�1 is the previous action.

The tracker outputs target joint positions pt that drive
the robot to follow the generated motion while maintaining
dynamic balance and physical feasibility (see Sec. B.2 for
training details). By decoupling high-level motion genera-
tion from low-level control, this architecture enables robust
execution even under external disturbances, as the tracker
can reactively adjust joint commands while preserving the
overall motion intent.

4. The UA-Net dataset

We present UA-Net, a comprehensive multimodal hu-
manoid motion dataset comprising text-to-motion,
trajectory-to-motion, and music-to-motion modalities.
UA-Net combines our collected MoCap data for text
and trajectory conditioning with the existing FineDance
dataset [31] for music. All human motions are retargeted to
humanoid-compatible formats using GMR [79], with man-
ual re�nement to preserve motion �delity while respecting
humanoid physical constraints (see Sec. D for details).
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Table 1. Multimodal humanoid control evaluation. We compare UniAct against baselines across text, trajectory, and music modalities.
Metrics include FID (motion quality), Diversity (motion variation), MM-dist (text-motion alignment), R-precision (retrieval accuracy at
top-1/2/3), Root error (trajectory tracking accuracy in meters), Genre (genre �delity for dance), and Success rate (task completion without
falls). Arrows indicate better direction. We ablate FSQ codebook size (0.25× codes) and downsampling rate (2× downsampled). UniAct
achieves superior performance across most metrics while maintaining lower diversity than diffusion-based two-step methods.

Modality Method FID Ó Diversity Ò MM-dist Ó
R-precision Ò

Root error Ó Genre Ò Success rate Ò
R@1 R@2 R@3

Text

LangWBC [60] 5.17 5.03 4.19 10.21 14.47 19.73 - - 58.2
UH-1 [45] 6.39 5.41 4.45 12.73 14.30 17.23 - - 51.3
OmniH2O [20]+MDM [66] 3.11 5.88 3.29 18.01 25.42 27.94 - - 63.0
BeyondMimic [36]+MDM [66] 2.93 5.72 2.93 24.53 28.78 34.68 - - 65.3
Ours 1.69 5.21 2.45 41.59 54.28 60.63 - - 83.1
Ours (0.25× codes) 1.84 5.04 2.67 33.19 36.42 38.75 - - 79.6
Ours (2× downsamp.) 1.73 4.92 2.51 38.03 50.90 58.13 - - 80.9

Trajectory

OmniH2O [20]+MDM [66] 2.62 3.42 2.75 11.41 19.06 24.74 1.392 - 23.6
BeyondMimic [36]+MDM [66] 2.58 3.53 2.65 12.33 17.23 27.16 1.284 - 35.2
Ours 0.77 3.01 1.77 56.15 65.26 71.43 0.151 - 97.3
Ours (0.25× codes) 0.80 3.02 1.78 55.60 60.32 65.89 0.195 - 94.3
Ours (2× downsamp.) 0.79 3.13 1.82 54.18 63.15 69.90 0.163 - 95.8

Music

OmniH2O [20]+MDM [66] 2.35 4.50 3.59 15.64 21.27 23.43 - 0.84 45.8
BeyondMimic [36]+MDM [66] 1.97 4.66 3.37 17.91 21.20 26.59 - 0.77 57.1
Ours 1.53 4.34 2.61 53.13 65.05 69.82 - 0.97 87.4
Ours (0.25× codes) 1.74 4.42 2.79 48.10 61.92 66.86 - 0.88 75.6
Ours (2× downsampled) 1.58 4.31 2.84 45.63 58.99 66.91 - 0.80 84.4

4.1. Dataset modalities

Text-to-motion contains 20 hours of motion paired with
natural language descriptions, ranging from simple atomic
actions to complex compositional movements (Fig. 3). Each
sequence is organized in lexicographic order based on its
primary description, creating a structured taxonomy from
basic locomotion (e.g. `backward stepping,' `forward walk-
ing') to complex interactions (e.g. `cooking,' `door open-
ing'). Fig. 3(c) shows that UA-Net provides broader cov-
erage of common verbs compared to HumanML3D [18],
critical for robot motion training and evaluation.

Trajectory-to-motion comprises 20 minutes of walking
conditioned on spatial trajectories, including point-to-point
navigation, curved paths, and obstacle avoidance. Speed
variations span from 0.3 m/s to 1.5 m/s, with annotations
specifying velocity, curvature, and heading angle at 120 Hz.

Music-to-motion incorporates 376 retargeted dance se-
quences from FineDance [31], spanning multiple genres
and tempos. Retargeting preserves rhythmic synchroniza-
tion while adapting movements to humanoid kinematic and
dynamic constraints.

4.2. MoCap con�guration

We employ an OptiTrack MoCap with 48 high-speed cam-
eras operating at 120 Hz in a 10×8×4 meter capture vol-
ume. Data collection uses a 43-marker con�guration with
additional hand and foot markers for �ne-grained MoCap.
We recruited 10 professional performers, including dancers,
athletes, and motion specialists, to ensure diverse styles.

The GMR [79] pipeline maps captured motions to a 29-
DoF humanoid model compatible with Unitree G1, incor-
porating collision avoidance, joint limits, and balance con-
straints. All sequences undergo manual veri�cation to val-
idate foot contact preservation, center of mass trajectories,
and dynamic feasibility.

5. Experiments and results

We conduct comprehensive experiments to validate UniAct
across three key dimensions: (i) multimodal humanoid con-
trol that surpasses strong baselines, (ii) real-time system
performance through detailed timing analysis, (iii) motion
tokenizer robustness under disturbances and OOD motions.

5.1. Multimodal humanoid control

We evaluate UniAct's ability to control humanoid robots
through diverse input modalities: text, trajectory, and music.
From UA-Net, we exclude motion sequences involving sit-
ting on chairs, lying down, or stair climbing to ensure phys-
ical feasibility in our evaluation environment. The dataset
is partitioned with 80% for training and 20% for evaluation.
Each experiment involves providing a single instruction and
evaluating the resulting motion quality.

Experimental protocol For text-to-motion, we pro-
vide single sentences from the test set as input, allowing
the humanoid to execute actions until reaching the end-
of-motion token. For trajectory-to-motion, we select 10-
second walking trajectory segments from the test set and
autoregressively drive the humanoid to follow the speci�ed
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Figure 4. Qualitative results of UniAct across diverse instruction modalities. (a) Sequential text-to-motion: the humanoid executes a
sequence of complex actions following instructions. (b) Trajectory-to-motion: the robot follows a curved path (yellow dashed line) with
natural walking motions. (c) Music-to-motion: the humanoid generates dance movements synchronized to the music's rhythm. (d) Zero-
shot human-to-humanoid motion transfer: retarget motions from internet videos to humanoid execution without additional training.

path. For music-to-motion, we randomly sample 10-second
music clips from FineDance.

Strong baselines and ablations We compare Uni-
Act against several SOTA baselines. LangWBC [60] and
UH-1 [45] directly map text instructions to actions. Om-
niH2O [20] and BeyondMimic [36] combined with MDM-
generated [66] motions serve as two-step methods. Baseline
adaptation details are in Sec. C.1. Additionally, we ablate:
(i) FSQ codebook size, and (ii) FSQ downsampling rates.

Evaluation metrics Following Guo et al. [18], we
measure robot motion execution quality in simula-
tion through Fŕechet Inception Distance (FID), diversity,

multimodal distance (MM-dist), and R-precision. Success
rate indicates the percentage of trials where the robot com-
pletes tasks without falling or signi�cant instruction devi-
ation. For trajectory-following, we quantify tracking accu-
racy using root mean square error (RMSE) between gener-
ated and target trajectories. For dance generation, we intro-
duce a genre �delity metric measuring the distance between
generated dance motions and each dataset genre. All experi-
ments are conducted in MuJoCo with contact dynamics and
actuator models. Metric formulations are in Sec. C.2.

Results As Tab. 1 shows, UniAct achieves the high-
est performance across most metrics. For text-to-motion, we
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