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Open-UniMo: Towards Unified Motion-Language
Understanding and Generation in the Open World
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Fig. 1. Overview of Open-UniMo, a unified framework that supports text-to-motion generation and motion-to-text understanding in open-world scenarios.

Abstract—Unified motion generation and understanding is cru-
cial for embodied AI systems that can both synthesize and interpret
human actions in open-world environments. Existing motion-
language models often treat motion as an auxiliary modality
of a language model, leading to text-dominated representations
and limited cross-modal interaction. Moreover, the next-token
prediction paradigm is not naturally suited to long motion
sequences, where autoregressive generation may accumulate
prediction errors. To address these challenges, we propose Open-
UniMo, a unified Large Motion-Language Model (LMLM) trained
on million-scale open-world motion-language data. Open-UniMo
promotes modality parity by extending Qwen’s vocabulary of
about 150K text tokens with 64K motion tokens, enabling
motion and language to share a unified token space. We further
introduce motion-consistent Chain-of-Thought (CoT) reasoning
as an intermediate representation to bridge language semantics
and motion dynamics. Open-UniMo is trained with a two-stage
pipeline, where supervised fine-tuning (SFT) establishes CoT-
guided bidirectional motion-language mapping and Group Rela-
tive Policy Optimization (GRPO) improves semantic alignment
while mitigating cumulative errors in autoregressive motion-token
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generation. To support comprehensive evaluation, we propose
Open-MoBench, a VLM-guided benchmark for assessing text-to-
motion (T2M) generation, motion-to-text (M2T) understanding,
and bidirectional consistency. Extensive experiments show that
Open-UniMo achieves state-of-the-art performance on both
conventional metrics and Open-MoBench. Furthermore, ablation
studies reveal that M2T understanding is not primarily limited
by motion-token vocabulary size; instead, coupling M2T with
the learnable T2M generation path yields stronger cross-modal
representations, demonstrating that generation can facilitate
understanding in AR-based motion-language modeling. The code
will be released at https://github.com/GuocunWang/Open-UniMo.

Index Terms—Unified Motion Generation and Understanding,
Large Motion-Language Model, Chain-of-Thought Reasoning,
Group Relative Policy Optimization

I. INTRODUCTION

HUMAN motion generation and motion understanding
are long-standing problems in computer vision and

graphics, enabling applications in animation, gaming, AR/VR,
controllable video generation, and sports analysis [1]–[5].
Motion generation aims to synthesize realistic movements
that follow textual instructions, while motion understanding
seeks to interpret motion sequences and produce coherent
descriptions. Although these two tasks are inherently inverse,
they have been largely studied in isolation [6]–[12], overlooking
their bidirectional synergy. Recent efforts attempt to unify
text-to-motion (T2M) generation and motion-to-text (M2T)
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understanding within a single large language model (LLM)
backbone [13]–[17]. However, existing unified models still lag
behind task-specific methods, especially when moving from
controlled benchmarks to open-world motion-language data.

This gap stems from several fundamental challenges. First,
motion-language alignment is intrinsically weak. Textual in-
structions are often simple and coarse, while motion contains
rich spatiotemporal details, leading to an intrinsically one-
to-many correspondence that makes it difficult to learn fine-
grained control from paired supervision alone. Second, the
next-token prediction (NTP) paradigm is ill-suited for motion.
Unlike natural language with strong sequential causality,
human motion is a continuous temporal process with weaker
causality; autoregressive token prediction therefore suffers
from cumulative errors, especially for long sequences. Third,
LLM-based unification suffers from modality imbalance. Many
motion-language models treat motion as a secondary modality
injected into an LLM, producing a text-dominated embedding
space and restricting cross-modal interaction [11], [15]. This
issue becomes more pronounced in open-world settings: large-
scale datasets such as MotionMillion [18] cover substantially
more diverse motion dynamics and linguistic patterns, and
insufficient motion-token capacity may increase reconstruction
errors that further propagate to downstream T2M generation,
consistent with observations in large-scale motion generation
work such as ScaMo [19]. Finally, evaluation remains limited.
Traditional metrics (e.g., FID, R-Precision, BLEU) focus on
surface-level similarity or lexical overlap and fail to assess
semantic alignment, temporal coherence, physical plausibility,
and robustness under one-to-many correspondence, while
human ratings are costly and difficult to scale.

A key question for building an LMLM is how much
discrete capacity should be allocated to the motion modality.
Existing AR-based motion-language models [10]–[12], [15],
[16] usually rely on hundreds of motion tokens, which may
be adequate for HumanML3D [9] but insufficient for open-
world motion distributions. Even in AR-based visual generation,
representative methods [20]–[27] often use thousands to tens
of thousands of visual tokens, far more than the motion tokens
used in prior AR-based motion-language models. Inspired
by recent large-scale motion tokenization studies such as
GoToZero [18] and ScaMo [19], which show the importance
of scaling motion tokens for open-world T2M generation, we
explore a substantially larger motion vocabulary by introducing
64K motion tokens into an LLM vocabulary. This design pro-
motes modality parity by treating motion as a first-class token
modality, and further enables us to examine how high-capacity
motion tokenization interacts with unified motion generation
and understanding under an autoregressive framework.

To address these challenges, we present Open-UniMo, a
unified Large Motion-Language Model (LMLM) for open-
world motion generation and understanding. Open-UniMo is
built upon Qwen2.5-3B-Instruct [28] and extends its vocabulary
of about 150K text tokens with 64K motion tokens, forming
a unified token space that treats motion as a first-class
modality rather than an auxiliary side channel. To bridge
language semantics and motion dynamics, we introduce motion-
consistent Chain-of-Thought (CoT) reasoning as an intermedi-

ate representation. Unlike caption-rewrite approaches such as
MotionR1 [12], which construct CoT traces only from text and
may introduce hallucinated reasoning, we render motions into
videos with Blender and use Qwen2.5-VL-72B [29] to generate
CoT traces grounded in actual motion dynamics. Open-UniMo
is then trained with a two-stage pipeline. In the supervised fine-
tuning (SFT) stage, the model learns CoT-guided bidirectional
motion-language mapping. In the second stage, Group Relative
Policy Optimization (GRPO) [30] further refines the model
with task-specific rewards for format correctness and cross-
modal alignment, improving robustness beyond token-level
supervised learning.

To comprehensively and reproducibly evaluate unified
motion-language models, we introduce Open-MoBench, a
VLM-guided evaluation framework that scores both T2M and
M2T outputs across multiple diagnostic dimensions. Open-
MoBench evaluates T2M generation along physical plausibility,
semantic alignment, and temporal coherence, and evaluates
M2T understanding along detail consistency, semantic align-
ment, and temporal coherence. Beyond single-direction evalua-
tion, it also introduces a bidirectional consistency protocol that
exploits the intrinsic duality between T2M and M2T: a unified
model should reconstruct semantically equivalent descriptions
under T → M̂ → T̂ ′ and preserve motion semantics under
M → T̂ → M̂ ′. This cyclic evaluation serves as a principled
test of whether a unified model preserves cross-modal semantics
across bidirectional transformations, rather than merely learning
one-way correlations between motion and language. We further
validate the reliability of Open-MoBench through a VBench-
style [31] human preference study in Sec. V-H.

Compared with our conference version UniMo [32], the
major contributions and extensions are summarized as follows:

• We introduce Open-UniMo, a unified LMLM for open-
world T2M and M2T. Compared with UniMo, Open-
UniMo scales unified modeling to million-scale motion-
language data and extends Qwen’s vocabulary with 64K
motion tokens, treating motion as a first-class modality.

• We scale and validate the CoT-guided SFT→GRPO
training pipeline under open-world motion-language distri-
butions. With CoT as a shared intermediate representation
and GRPO-based post-training, this pipeline improves
semantic alignment and mitigates cumulative errors in
autoregressive motion-token prediction.

• We propose Open-MoBench, a VLM-guided benchmark
that jointly evaluates T2M generation, M2T understanding,
and bidirectional consistency across diverse dimensions,
enabling scalable and reproducible assessment of unified
motion-language intelligence.

• We experimentally show that T2M-only training can be
effectively optimized, whereas M2T-only training does
not show a consistent positive trend with token capacity,
indicating that M2T understanding is not primarily limited
by motion-token vocabulary size. Unified training further
couples M2T with the learnable T2M path, demonstrating
that generation facilitates understanding in AR-based
motion-language models.
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II. RELATED WORK

A. Human Motion Generation

Text-conditioned human motion generation has progressed
through several methodological stages. Early attempts [33]–[37]
typically relied on deterministic mappings from text or action
labels to pose sequences. While conceptually straightforward,
these methods often suffered from limited diversity and weak
generalization. With the development of probabilistic modeling
and text-motion datasets, methods such as T2M [9] advanced
language-conditioned motion synthesis, while TM2T [38]
further explored reciprocal text-to-motion and motion-to-text
generation. In parallel, generative adversarial frameworks [39],
[40] explored action-conditioned motion synthesis.

More recently, diffusion-based generative modeling [41]–[43]
has reshaped the field. Representative works such as MDM [44],
MotionDiffuse [7], and MLD [6] adapt diffusion models to
text-to-motion generation, while subsequent studies improve
fine-grained semantic control [45], [46] and multi-motion gen-
eration [47]. Beyond diffusion, MoMask [8] introduces masked
motion token prediction, and another line of work adopts
autoregressive generation over discrete motion tokens [10]–[12],
[15], [16], [48]. Recent studies [18], [19], [49]–[51] further
push motion generation toward open-world and generalizable
settings. ScaMo [19] studies scaling laws in AR-based motion
generation, GoToZero [18] introduces million-scale motion-
language data for zero-shot generalization, and ViMoGen [49]
explores generalizable motion generation from data, model, and
evaluation perspectives. Despite these advances, most methods
focus on T2M generation alone, and AR-based approaches still
face challenges in long-horizon temporal coherence and fine-
grained semantic alignment, partly due to cumulative errors in
next-token prediction over motion-token sequences.

B. Unified Motion Generation and Understanding

Unified multimodal large language models (LLMs) have re-
cently achieved remarkable progress in bridging understanding
and generation in vision [24]–[27], [52]–[56]. Systems such as
GPT-4o, EMU-3 [24], and Bagel [54] demonstrate the trend
of integrating understanding, reasoning, and generation within
unified multimodal interfaces, improving controllability and
interaction in many scenarios.

Motivated by these advances, several studies attempt to
unify human motion generation and understanding within
a single LLM-based framework [11], [15], [17], [32], [57].
These approaches typically encode motion into discrete tokens
or continuous features and integrate them with an LLM for
bidirectional motion-language mapping. MG-MotionLLM [13]
introduces multi-granularity training tasks to improve motion
comprehension and generation at different temporal and seman-
tic levels. MotionGPT-3 [17] treats motion as a second modality
and uses modality-specific modeling to reduce cross-modal
interference. UniMo [32] introduces CoT and GRPO-based
post-training for motion generation and understanding. Beyond
text-motion pairs, M3GPT [14] unifies text, music, and motion
within a multimodal and multitask framework.

Despite these advances, open-world motion-language unifi-
cation remains challenging. Most existing models are still

evaluated on controlled benchmarks [9], [58] and rely on
limited-capacity motion representations. As a result, the role
of high-capacity motion tokens and the interaction between
AR-based generation and understanding remain insufficiently
explored. In contrast, Open-UniMo expands the motion vocab-
ulary to 64K tokens, trains on million-scale open-world data,
and analyzes how the learnable T2M generation path benefits
M2T understanding in unified AR-based modeling.

C. Chain-of-Thought for Generative Models
Chain-of-Thought (CoT) reasoning has been shown to

enhance the reasoning capability and interpretability of LLMs
by decomposing complex problems into structured intermediate
steps [59], [60]. Recent generative models further extend this
idea beyond textual reasoning by introducing explicit planning
or reasoning traces before synthesis [54], [61]–[64], which
improves controllability for complex prompts and provides
more interpretable generation processes.

In human motion generation, MotionR1 [12] introduces
decomposed CoT reasoning and reinforcement learning (RL)
for T2M. Our conference version UniMo [32] constructs
motion-consistent CoT by rendering motions into videos and
using a VLM to generate reasoning traces grounded in actual
motion dynamics, rather than relying only on caption rewriting.
Building on this formulation, Open-UniMo scales motion-
consistent CoT to million-scale open-world data and uses it as
a shared intermediate representation for both T2M and M2T.

D. Evaluation of Motion-Language Models
Existing motion-language evaluations mostly rely on conven-

tional task-specific metrics, including FID and R-Precision for
T2M generation [9], as well as BLEU [65] and BertScore [66]
for M2T captioning. While useful for standardized comparison,
these metrics provide limited diagnosis of semantic alignment,
physical plausibility, temporal coherence, and bidirectional
consistency. Recent works have introduced more diagnostic pro-
tocols for motion generation. MotionMillion-Eval [18] evaluates
zero-shot T2M generation with human verification along text
alignment, motion smoothness, and physical plausibility, but it
is limited to the T2M direction and relies on manual assessment,
making it difficult to scale. ViMoGen [49] further proposes
MBench, a hierarchical benchmark for generalizable motion
synthesis across motion generalization, motion-condition con-
sistency, and motion quality. However, these benchmarks
still focus on generation quality and do not evaluate M2T
understanding or bidirectional motion-language consistency.

Beyond motion, recent image and video generation bench-
marks also suggest a shift from aggregate scores to fine-grained
diagnostic evaluation. GenEval [67], GenAI-Bench [68], and
WISE [69] evaluate compositional alignment, complex prompt
following, and world-knowledge-informed semantics, respec-
tively, while VBench [31] decomposes video generation quality
into multiple spatial and temporal dimensions. Following this
diagnostic evaluation trend, Open-MoBench targets the missing
setting in motion-language modeling by jointly evaluating T2M
generation, M2T understanding, and bidirectional consistency
with a scalable VLM-guided protocol, whose reliability is
further validated through human preference testing.
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Fig. 2. Overview of the Open-UniMo framework. Open-UniMo is trained in two stages with CoT reasoning. In the SFT stage, the model learns CoT-guided
bidirectional motion-language mappings for both T2M and M2T tasks. In the GRPO stage, reinforcement learning further refines format compliance and
motion-language alignment through multiple reward signals.

III. METHOD

A. Overview

Our goal is to achieve open-world motion-language intel-
ligence with a unified framework that supports both motion
generation and motion understanding within a single Large
Motion-Language Model (LMLM). As shown in Fig. 2, we
propose Open-UniMo, which treats motion and language with
modality parity and enables bidirectional mappings between
text and motion. Open-UniMo is trained in two stages: (i)
SFT with CoT, and (ii) RL using GRPO [30] with task-specific
rewards to improve semantic alignment and mitigate cumulative
errors in next-token prediction for motion sequences.

B. Motion Representation

Following the motion representation used in GoToZero [18],
we represent each frame as a refined 272-dimensional vector
that avoids inverse-kinematics processing and supports lossless
conversion to SMPL [70]. Each pose is expressed as

x =
{
ṙx, ṙz, ṙa, jp, jv, jr

}
∈ R272, (1)

where ṙx, ṙz ∈ R denote root linear velocities on the XZ-plane,
ṙa ∈ R6 denotes root angular velocity in 6D representation,
jp, jv ∈ R3K denote local joint positions and velocities, and
jr ∈ R6K denotes local joint rotations in root coordinates,
with K being the number of body joints.

C. Motion Tokenization

To integrate motion into an autoregressive LLM, we dis-
cretize continuous motion sequences into motion token indices.
Following recent large-scale works [18], [19], we apply
Finite Scalar Quantization (FSQ), a codebook-free quantiza-
tion approach that discretizes latent vectors via deterministic

rounding and avoids the storage overhead of VQ-VAE-style
codebooks [10], [11], [15]. To reduce quantization artifacts,
we apply wavelet transforms before encoding and inverse
transforms after decoding [18].

Given an encoder latent vector z, we normalize it into [0, 1],
and quantize each dimension by rounding:

zq = Q(z) = round
(
f(z) · (L− 1)

)
, (2)

where L denotes the number of quantization levels per latent
dimension, d is the latent dimension, and zq ∈ {0, 1, . . . , L−
1}d is the resulting discrete FSQ code. The tokenizer is trained
with a reconstruction loss:

Lrec =
∥∥m−Dec(zq)

∥∥2
2
, (3)

where m is the target motion and Dec(zq) denotes decoded
motion from the quantized latent. After training, the tokenizer
is frozen during subsequent LMLM training.

D. Unified LMLM with Modality Parity

Open-UniMo is built upon Qwen2.5-3B-Instruct [28]. To
achieve modality parity, we extend the Qwen tokenizer vocab-
ulary (about 150K text tokens) with an additional 64K motion
tokens representing quantized motion primitives. This design
treats motion as a first-class modality with parity to language
rather than an auxiliary side channel, enabling richer cross-
modal interaction and providing sufficient discrete capacity for
open-world motion distributions. Such capacity is important for
large-scale motion modeling, since insufficient motion-token
vocabularies can increase reconstruction errors and propagate
them to autoregressive motion generation, as observed in
ScaMo [19]. With a unified token space, Open-UniMo can
perform both T2M and M2T by conditioning on the input
modality and generating the target modality.
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Fig. 3. Illustration of the CoT annotation process. Human joint sequences are
rendered in Blender and paired with captions, which are further processed by
Qwen2.5-VL-72B to generate reasoning traces.

E. Supervised Fine-Tuning with Chain-of-Thought

A key challenge for unified motion-language modeling
is bridging coarse text with rich motion details under
one-to-many correspondence. We adopt Chain-of-Thought
(CoT) as an explicit intermediate representation that improves
interpretability, enhances semantic alignment, and enables
stepwise motion planning. To obtain motion-consistent CoT,
we follow UniMo’s multimodal annotation strategy [32]. As
shown in Fig. 3, we render motion sequences into videos via
Blender and prompt Qwen2.5-VL-72B [29] with both the
rendered video and its paired caption to generate step-by-step
reasoning traces in the form <think>...</think>.
Compared to caption-rewrite CoT (e.g., MotionR1 [12]),
this grounded annotation reduces hallucination and ensures
the CoT traces reflect actual motion dynamics. In the
SFT stage, the training samples encourage the model to
think before answering. For the T2M task, the required
format is <think>{CoT}</think><Motion>{Motion
Tokens}</Motion>. For the M2T task, it is <think>
{CoT}</think><Answer>{Caption}</Answer>.
Training on paired (motion, caption, CoT) triples provides
semantic grounding and interpretability, and offers a strong
initialization for bidirectional mapping before RL training.

F. Reinforcement Learning with GRPO

While CoT-guided SFT improves structure and alignment,
autoregressive next-token prediction remains prone to cumu-
lative errors in long motion sequences. We therefore employ
reinforcement learning with GRPO [30], a PPO-style algorithm
that removes the need for an explicit critic by computing
advantages through within-group normalization.

a) Group Relative Policy Optimization: The GRPO [30]
algorithm enhances conventional policy-optimization by gen-
erating multiple candidate outputs per input and evaluating
them collectively. Instead of depending on the critic network,
it calculates advantage scores through normalization within the
group to reduce variance in policy updates. The objective is

JGRPO(θ) = Ec

[
1

G

G∑
i=1

min

(
πθ(oi|q)
πold(oi|q)

Âi,

clip
(
πθ(oi|q)
πold(oi|q)

, 1− ε, 1 + ε

)
Âi

)]
−β ·DKL(πθ ∥ πref), (4)

where θ denotes the trainable policy parameters. For each
query q the algorithm samples a fixed group of G candidate
outputs {o1, . . . , oG}. The term πθ(oi|q) is the probability of
generating output oi under the current policy, while πold(oi|q) is
the corresponding probability under the old policy. The clipping
radius is ε, and the coefficient β controls the strength of the KL
penalty DKL(πθ ∥ πref), which regularizes the current policy
toward a reference policy πref. The normalized group-relative
advantage Âi is defined as:

Âi =
ri − mean({r1, . . . , rG})

std({r1, . . . , rG})
, (5)

where ri is the reward assigned to output oi. By normalizing
rewards within each group, GRPO computes relative advan-
tages, thereby reducing variance in the policy gradient estimate
and promoting more stable optimization dynamics.

b) Unified Reward Formulation: To balance structural
correctness and semantic alignment during RL training, we de-
sign a composite reward scheme with task-specific components.
The reward design is intentionally asymmetric because T2M
and M2T optimize different information paths: T2M requires
motion-space fidelity and motion-language alignment, whereas
M2T requires semantic compression into language. Therefore,
we define motion-space and cross-modal rewards for T2M, and
a caption-level semantic reward for M2T. Each sample receives
both a format reward for structural validity and task-specific
alignment rewards, enabling GRPO to promote faithful motion
generation and linguistically coherent captioning.

Format Reward. To guide the model toward generating
outputs that follow the predefined structural templates, we
define a format reward Rformat. For the T2M task, the template is
<think>{CoT}</think><Motion>{Motion Tokens}
</Motion>. For the M2T task, it is <think>{CoT}
</think><Answer>{Caption}</Answer>. An exact
match earns a reward of 0.5; any deviation yields 0.

Modality Alignment Rewards. To measure the semantic
correspondence between generated content and its reference,
we employ a generalized cosine similarity function:

S(x, y) = x⊤y

∥x∥2∥y∥2
, (6)

where x and y are embeddings from frozen encoders [18].
For the T2M task, let T denote the input caption, M

denote the reference motion, and M̂ denote the gener-
ated motion. The motion consistency reward Rmotion =
S(ϕM(M̂), ϕM(M)) encourages motion-space fidelity to
the reference motion, while the semantic alignment reward
Rsemantic = S(ϕM(M̂), ϕT (T )) measures the consistency
between the generated motion and the input caption. Here,
ϕM and ϕT denote the frozen motion and text encoders
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Fig. 4. Qualitative comparison on Open-MoBench for the T2M task. Compared with existing representative approaches [8], [11], [18], Open-UniMo generates
motions that better capture semantic details and natural dynamics.

from [18], respectively. The T2M reward design is inspired
by [12]. For the M2T task, let T̂ denote the generated caption
and T denote the ground-truth caption. Instead of mirroring the
T2M motion-space rewards, we use a caption similarity reward
Rcaption = S(ψCLIP(T̂ ), ψCLIP(T )), computed with CLIP’s text
encoder. This asymmetric design directly optimizes caption-
level semantic consistency and is empirically supported by the
weaker symmetric variant marked with ▽ in Tabs. I and II.

Overall Reward Composition. The following formulas
show the composition of both RT2M and RM2T:

RT2M = Rformat +Rmotion +Rsemantic, (7)

RM2T = Rformat + 2×Rcaption. (8)

We scale Rcaption by 2 to harmonize the magnitude of
RM2T with RT2M, ensuring balanced optimization across both
tasks. By optimizing these rewards with GRPO, Open-UniMo
improves semantic alignment and generation quality while
mitigating cumulative errors in motion-token prediction.

IV. OPEN-MOBENCH

A. Overview

Existing evaluations for motion-language models remain
largely limited to conventional metrics, such as FID and R-
Precision for T2M generation [9], as well as BLEU [65],
CIDEr [71], and BertScore [66] for M2T captioning. While
these metrics support standardized comparison, they provide
limited diagnosis of semantic alignment, physical plausibil-
ity, temporal coherence, and cross-modal consistency. This
limitation stems from the intrinsic one-to-many nature of
motion–language correspondence: a single sentence, such
as “a person waves a hand happily,” can correspond to

multiple plausible motions differing in amplitude, rhythm, or
style. Consequently, unidirectional metrics cannot fully reveal
whether a model preserves semantics across modalities.

To address this gap, we propose Open-MoBench, a unified
benchmark that adopts Gemini-3-Flash as the VLM evaluator to
assess T2M generation, M2T understanding, and bidirectional
consistency across multiple diagnostic dimensions. By jointly
assessing these aspects, it provides a comprehensive founda-
tion for open-world motion-language intelligence. We further
validate the reliability of the VLM-as-Judge protocol through
a VBench-style human preference study in Sec. V-H, where
model-level rankings induced by VLM scores are compared
with rankings from human annotators.

B. Text-to-Motion Evaluation

Traditional T2M metrics focus on distributional similarity
or retrieval accuracy, offering limited insight into whether
generated motions truly reflect the intended semantics. To
address this, Open-MoBench samples 1,000 text captions from
two large open-world video datasets [72], [73], covering diverse
activities such as sports and daily actions. We further summarize
the original video captions with Qwen2.5-72B-Instruct [28]
into motion-centric descriptions of approximately 20 words
while preserving key action details. The vocabulary is rich
and unconstrained, reflecting the complexity and variability
of real-world motion descriptions. The generated motion is
converted into SMPL [70] format and rendered into video using
Blender. Each result is evaluated by VLM-as-Judge on a 0-5
scale across three dimensions:

• Physical Plausibility examines biomechanical correctness
and kinematic realism, including body coordination and
ground contact consistency.
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Fig. 5. Qualitative comparison on Open-MoBench for the M2T task. Compared with open-source models [11], [15], [38], Open-UniMo generates descriptions
that are more coherent, contextually relevant, and semantically faithful to the input motions.

• Semantic Alignment assesses whether generated actions
accurately reflect textual semantics, focusing on key action
recognition and left-right directionality.

• Temporal Coherence evaluates whether multi-step mo-
tions occur in the correct causal order and are completed
fully, without abrupt truncation or discontinuity.

C. Motion-to-Text Evaluation

While traditional metrics such as BLEU [65] and CIDEr [71]
are widely adopted for M2T, they mainly capture lexical overlap
and provide limited diagnosis of motion-language alignment. In
open-world scenarios, motions can be described in diverse yet
semantically equivalent ways. To address this, M2T evaluation
uses 1,000 motion samples with 272-dimensional representa-
tions from the MotionMillion [18] validation split. For a unified
evaluation interface, we convert them to HumanML3D’s 263-
dimensional representation when required by baseline models.
We render motion sequences into videos using Blender and
apply YOLOv11-Pose [74] to distinguish left–right body joints.
Left limbs are colored green and right limbs red, providing
clear spatial orientation for downstream VLM evaluation. A
VLM evaluator assigns 0-5 scores for each criterion by jointly
analyzing the generated text, rendered motion video, and
ground-truth caption. Evaluation focuses on three key aspects:

• Detail Consistency examines how well the output text
captures fine-grained visual and motion details.

• Semantic Alignment evaluates whether the generated
textual description accurately captures the key semantics
of the original motion.

• Temporal Coherence assesses whether the order and
timing of actions match those in the video.

D. Bidirectional Consistency Evaluation

While T2M and M2T individually evaluate generative and in-
terpretive capabilities, they cannot determine whether a unified
model preserves cross-modal semantics across bidirectional
transformations. The correspondence between language and
motion is inherently one-to-many. This intrinsic asymmetry
makes it difficult to assess whether a model captures genuine
cross-modal semantics rather than relying on superficial corre-
lations. To address this challenge, Open-MoBench introduces
a bidirectional consistency protocol that evaluates semantic
preservation across cyclic motion-language transformations.
We measure bidirectional consistency through two cyclic
transformations:

T̂ ′ = fM2T(fT2M(T )), (9)

M̂ ′ = fT2M(fM2T(M)), (10)

where fT2M(·) and fM2T(·) denote the T2M and M2T mappings,
respectively. Here, T and M represent the input text and motion
sequence, while T̂ ′ and M̂ ′ denote their reconstructed outputs
obtained after a full transformation cycle.

A unified model demonstrates strong bidirectional consis-
tency when the regenerated text T̂ ′ retains the semantics of
the original description T , and the reconstructed motion M̂ ′

preserves the motion semantics and temporal structure of the
input M . We use a VLM to assess semantic consistency across
input, intermediate, and reconstructed modalities, with scores
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TABLE I
QUANTITATIVE RESULTS OF THE T2M TASK ON THE MOTIONMILLION DATASET. THE BEST SCORES ARE HIGHLIGHTED IN BOLD, AND THE SECOND-BEST
SCORES ARE UNDERLINED. RESULTS MARKED WITH ▽ DENOTE VARIANTS TRAINED WITH AN ADDITIONAL SYMMETRIC M2T REWARD THAT MIRRORS THE

T2M REWARD DESIGN.

Methods R-Precision↑ FID↓ MM-Dist↓ Diversity↑

Top1 Top2 Top3

ScaMo [19] 0.670 0.810 0.870 89.000 - -
GoToZero [18] 0.790 0.905 0.944 10.568 24.574 46.272
Open-UniMo SFT (w/o CoT) 0.786 0.894 0.933 10.909 24.281 46.385
Open-UniMo SFT+GRPO (w/o CoT)▽ 0.812 0.915 0.950 10.444 23.628 46.457
Open-UniMo SFT+GRPO (w/o CoT) 0.814 0.917 0.951 10.526 23.555 46.495
Open-UniMo SFT 0.782 0.892 0.932 11.159 24.332 46.304
Open-UniMo SFT+GRPO ▽ 0.849 0.945 0.971 19.909 22.283 46.404
Open-UniMo SFT+GRPO 0.860 0.950 0.973 17.353 21.947 46.546

TABLE II
QUANTITATIVE RESULTS OF THE M2T TASK ON THE M2T SUBSET OF OPEN-MOBENCH. THE BEST SCORES ARE HIGHLIGHTED IN BOLD, AND THE

SECOND-BEST SCORES ARE UNDERLINED. RESULTS MARKED WITH ▽ DENOTE VARIANTS TRAINED WITH AN ADDITIONAL SYMMETRIC M2T REWARD THAT
MIRRORS THE T2M REWARD DESIGN. RESULTS MARKED WITH ♢ INDICATE EVALUATION ON THE FULL VALIDATION SET OF THE MOTIONMILLION DATASET.

Methods BLEU-1 BLEU-4 ROUGE-L CIDEr BertScore

TM2T [38] 28.60 2.46 27.34 3.59 27.20
MotionGPT [15] 34.69 4.33 25.01 5.53 31.81
MotionAgent [11] 36.77 5.75 27.86 6.73 35.96
Open-UniMo SFT (w/o CoT) 52.80 11.78 31.96 10.51 40.29
Open-UniMo SFT+GRPO (w/o CoT)▽ 51.22 10.80 31.60 9.55 39.68
Open-UniMo SFT+GRPO (w/o CoT) 52.63 11.97 32.35 11.48 40.72
Open-UniMo SFT 61.98 20.48 39.71 25.62 51.72
Open-UniMo SFT+GRPO▽ 59.02 18.24 38.44 19.43 49.96
Open-UniMo SFT+GRPO 64.44 21.25 40.17 27.74 51.84

Open-UniMo SFT♢ 54.22 12.42 32.87 12.45 44.56
Open-UniMo SFT+GRPO♢ 57.56 13.85 33.69 14.90 45.97

ranging from 0–5 to indicate the level of semantic preservation.
This protocol shifts evaluation from single-direction generation
to cross-modal semantic preservation, allowing Open-MoBench
to assess whether a unified model maintains motion-language
consistency across cyclic transformations.

V. EXPERIMENTS AND RESULTS

A. Dataset

We conduct experiments on the HumanML3D [9] and Mo-
tionMillion [18] datasets. HumanML3D contains 14,616 motion
clips collected from AMASS [75] and HumanAct12 [76], paired
with 44,970 natural-language descriptions. MotionMillion is
a million-scale open-source human motion-language corpus.
It comprises over 2,000 hours of human motion recordings
and more than 2 million text-motion pairs, captured at a
frame rate of 30 FPS. The dataset is curated from large-
scale videos collected from diverse online sources, covering
a wide range of real-world scenarios. In terms of motion
captions, MotionMillion uses a two-step process. First, GPT-4o
generates captions for video clips with prompts that include
cues about age, emotion, movement style, and environment.
Then, Llama 3.1-8B [77] paraphrases each caption 20 times to
enrich semantic diversity. We further construct CoT annotations
for the training pairs in both datasets.

B. Evaluation Metrics

a) T2M and M2T Metrics: The T2M evaluation adopts
metrics including FID, R-Precision (Top-1/2/3), and MM-Dist
from [9] to measure the distributional similarity and retrieval
capability. In the M2T task, conventional linguistic metrics
such as BLEU-1/4 [65], ROUGE-L [78], CIDEr [71], and
BertScore [66] are employed to evaluate the quality of textual
descriptions generated from motion inputs.

b) Open-MoBench Evaluation: Beyond traditional met-
rics, Open-MoBench introduces a comprehensive evaluation
framework that jointly assesses three key aspects using Gemini-
3-Flash. For the T2M task, Open-MoBench provides VLM-
guided assessments across three diagnostic dimensions: physi-
cal plausibility, semantic alignment, and temporal coherence.
For the M2T task, it measures detail consistency, semantic
alignment, and temporal coherence of generated descriptions. In
addition, a bidirectional consistency protocol evaluates semantic
preservation across cyclic T2M and M2T transformations,
serving as a unified benchmark for open-world motion-language
generation and understanding.

C. Implementation Details

The training of Open-UniMo comprises two stages: SFT
and RL with GRPO. All experiments are conducted on 8 ×
A100 GPUs using the Qwen2.5-3B-Instruct [28] model as
the base language model. In the SFT stage, we adopt the
AdamW optimizer with a cosine annealing schedule and an
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TABLE III
QUANTITATIVE RESULTS OF THE T2M TASK ON THE HUMANML3D DATASET. EACH EVALUATION IS REPEATED 20 TIMES WITH AVERAGE METRICS AND

95% CONFIDENCE INTERVALS. THE BEST SCORES ARE HIGHLIGHTED IN BOLD, AND THE SECOND-BEST SCORES ARE UNDERLINED.

Methods R-Precision↑ FID↓ MM-Dist↓ Diversity↑ MModality↑

Top1 Top2 Top3

MDM [44] 0.320±0.005 0.498±0.004 0.611±0.007 0.544±0.044 5.566±0.027 9.559±0.086 2.799±0.074

MLD [6] 0.481±0.003 0.673±0.003 0.772±0.002 0.473±0.013 3.196±0.010 9.724±0.082 2.413±0.072

MotionDiffuse [7] 0.491±0.001 0.681±0.001 0.782±0.001 0.630±0.001 3.113±0.001 9.410±0.049 1.553±0.064

T2M [9] 0.457±0.002 0.559±0.007 0.740±0.003 1.067±0.002 3.340±0.008 9.188±0.002 2.090±0.088

TM2T [38] 0.424±0.003 0.618±0.003 0.729±0.002 1.501±0.017 3.467±0.011 8.589±0.076 2.424±0.079

T2M-GPT [10] 0.491±0.003 0.680±0.003 0.775±0.002 0.116±0.004 3.118±0.011 9.761±0.081 1.856±0.111

MotionGPT [15] 0.492±0.003 0.681±0.003 0.778±0.002 0.232±0.008 3.096±0.008 9.528±0.071 2.008±0.083

MoMask [8] 0.521±0.002 0.713±0.002 0.807±0.002 0.045±0.002 2.958±0.008 9.620±0.064 1.241±0.064

MotionChain [48] 0.504±0.003 0.617±0.002 0.790±0.003 0.248±0.009 3.033±0.010 9.470±0.075 1.727±0.014

MotionAgent [11] 0.515±0.004 0.691±0.003 0.801±0.004 0.230±0.009 2.967±0.020 9.908±0.102 2.142±0.014

MotionGPT-2 [16] 0.496±0.002 0.691±0.003 0.782±0.004 0.191±0.004 3.080±0.013 9.860±0.026 2.137±0.022

Motion-R1 [12] 0.515±0.003 0.719±0.002 0.818±0.002 0.201±0.004 2.854±0.010 10.026±0.075 2.317±0.105

UniMo (Ours) [32] 0.539±0.003 0.738±0.002 0.831±0.002 0.177±0.004 2.768±0.010 10.042±0.076 1.924±0.080

initial learning rate of 2× 10−4. Open-UniMo is trained for a
total of 250k iterations with a global batch size of 96, which
takes about 18 days.

Then, GRPO is applied for 5,000 steps with a learning rate
of 4× 10−5. Each iteration generates G = 6 outputs with the
global batch size of 60. The algorithm employs a clipping
coefficient ϵ = 0.2 and a regularization factor β = 0.01 to
maintain stability and control exploration.

TABLE IV
QUANTITATIVE RESULTS OF THE M2T TASK ON THE HUMANML3D
DATASET. THE BEST SCORES ARE HIGHLIGHTED IN BOLD, AND THE

SECOND-BEST SCORES ARE UNDERLINED.

Methods B@1↑ B@4↑ R-L↑ CIDEr↑ Bert↑

TM2T [38] 48.9 8.27 38.1 15.8 32.2
LaMPM2T [79] 47.8 13.04 37.1 28.9 32.7
MoTe [80] 46.7 11.15 37.4 31.5 30.3
MotionGPT [15] 48.2 12.47 37.4 29.2 32.4
MotionGPT-2 [16] 48.7 13.80 37.6 29.8 32.6
MotionChain [48] 48.1 12.56 33.9 33.7 36.9
MotionAgent [11] 54.5 17.65 48.7 33.7 42.6
UniMo (Ours) [32] 63.1 19.74 48.8 46.7 54.3

D. Main Results
a) Scaling from HumanML3D to MotionMillion: We first

revisit the results of our conference version UniMo [32] on
HumanML3D [9] and then examine whether the same unified
motion-language modeling paradigm can scale to million-scale
open-world data. As shown in Tabs. III and IV, UniMo achieves
state-of-the-art or competitive performance on HumanML3D
across major metrics, validating the effectiveness of unified
generation and understanding with structured reasoning on
a controlled benchmark. Open-UniMo further extends this
paradigm to MotionMillion [18], which contains substantially
richer motion dynamics, more diverse language descriptions,
and a larger-scale motion-token space. The results in Tabs. I
and II show that Open-UniMo maintains strong performance
under this more challenging setting, suggesting that the
proposed LMLM design remains effective when scaled from
HumanML3D to million-scale open-world data.

b) Text-to-Motion Results: We evaluate Open-UniMo
on the MotionMillion validation set and compare it with
ScaMo [19] and GoToZero [18] under a compatible Motion-
Million evaluation setting. As shown in Tab. I, Open-UniMo
achieves the best R-Precision and MM-Dist among all methods.
When trained without CoT, applying GRPO improves Open-
UniMo over SFT in both retrieval alignment and motion-text
distance, showing that task-specific rewards effectively refine
autoregressive motion-token generation.

The CoT-guided variant further improves semantic alignment
in T2M. The final Open-UniMo SFT+GRPO model reaches
0.860/0.950/0.973 R-Precision and the lowest MM-Dist of
21.947, clearly outperforming the corresponding model trained
without CoT. We also observe that the CoT-based model has a
higher FID than the model trained without CoT. This does not
contradict the alignment gains. Under the one-to-many nature
of T2M, CoT encourages the model to select semantically
consistent generation paths rather than only matching the global
training distribution. As a result, retrieval-based alignment
metrics improve substantially, while the generated distribution
measured by FID may be reshaped.

c) Motion-to-Text Results: For M2T, we first evaluate
Open-UniMo on the M2T subset of Open-MoBench and
compare it with representative open-source baselines, including
TM2T [38], MotionGPT [15], and MotionAgent [11]. Since
these baselines are built on the HumanML3D representation,
we convert Open-MoBench’s samples to the compatible format
for fair comparison. As shown in the upper part of Tab. II,
Open-UniMo substantially outperforms all baselines.

For motion understanding, CoT further improves motion
understanding by helping the model abstract and verbalize
motion semantics. On the Open-MoBench subset, CoT-guided
SFT increases BLEU-1 from 52.80 to 61.98 and CIDEr
from 10.51 to 25.62 compared with SFT without CoT. This
indicates that the intermediate reasoning trace helps decompose
a high-dimensional motion sequence into ordered semantic
components before producing the final caption. After GRPO,
the final model achieves the best performance, reaching 64.44
BLEU-1 and 27.74 CIDEr. The ♢ rows in Tab. II further
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TABLE V
ABLATION STUDY ON THE EFFECTIVENESS OF COT AND DIFFERENT GRPO REWARD COMPONENTS ON THE FULL MOTIONMILLION VALIDATION SET.

CoT rmotion rsemantic rformat
R-Precision↑ FID↓ MM-Dist↓ Diversity↑ B@1↑ B@4↑ R-L↑ CIDEr↑ Bert↑

Top1 Top2 Top3

0.786 0.894 0.933 10.909 24.281 46.385 53.85 12.27 32.67 11.73 44.04
✓ ✓ 0.809 0.914 0.949 10.440 23.673 46.789 54.83 12.82 33.19 12.93 44.67
✓ ✓ 0.807 0.915 0.949 10.623 23.775 46.195 54.83 12.64 33.01 12.69 44.53

✓ ✓ 0.797 0.906 0.944 10.672 23.940 46.504 54.68 12.67 33.04 12.56 44.50
✓ ✓ ✓ 0.814 0.917 0.951 10.526 23.555 46.495 55.02 12.85 33.17 12.87 44.61

✓ 0.782 0.892 0.932 11.159 24.332 46.304 54.22 12.42 32.87 12.45 44.56
✓ ✓ ✓ 0.850 0.946 0.970 19.208 22.286 46.391 55.18 12.77 33.21 13.78 44.76
✓ ✓ ✓ 0.808 0.919 0.953 20.487 23.381 46.522 57.19 13.64 33.83 14.54 45.62
✓ ✓ ✓ 0.850 0.946 0.972 21.147 22.266 46.271 56.21 13.30 33.25 13.70 45.05
✓ ✓ ✓ ✓ 0.860 0.950 0.973 17.353 21.947 46.546 57.56 13.85 33.69 14.90 45.97

TABLE VI
ABLATION STUDY OF THE SYNERGY EFFECT OF UNIFIED MODELING ON THE HUMANML3D AND MOTIONMILLION DATASETS. ALL EXPERIMENTS ON

HUMANML3D ARE CONDUCTED WITH COT. RESULTS ON MOTIONMILLION ADDITIONALLY COMPARE SETTINGS WITH AND WITHOUT COT.

(a) HumanML3D: Effect of Unified Modeling on T2M Generation.

Train Task Stage R-Precision↑ FID↓ MM-Dist↓ Div↑
Top1 Top2 Top3

T2M SFT 0.438 0.613 0.702 0.201 3.588 9.748
T2M SFT+RL 0.529 0.739 0.832 0.203 2.743 9.780
T2M+M2T SFT 0.460 0.642 0.735 0.292 3.360 9.726
T2M+M2T SFT+RL 0.539 0.738 0.831 0.177 2.768 10.042

(b) HumanML3D: Effect of Unified Modeling on M2T Captioning.

Train Task Stage B@1↑ B@4↑ R-L↑ CIDEr↑ Bert↑
M2T SFT 54.62 14.74 43.3 31.05 47.88
M2T SFT+RL 61.91 18.89 47.5 42.13 52.88
T2M+M2T SFT 55.34 15.31 43.2 32.08 48.16
T2M+M2T SFT+RL 63.10 19.74 48.8 46.69 54.26

(c) MotionMillion: Effect of Unified Modeling on T2M Generation under
Different CoT Settings.

Train Task Stage CoT R-Precision↑ FID↓ MM-Dist↓ Div↑
Top1 Top2 Top3

T2M SFT 0.791 0.902 0.941 12.165 24.155 46.539
T2M SFT+RL 0.804 0.913 0.949 10.671 23.826 46.548
T2M SFT ✓ 0.775 0.890 0.931 10.891 24.543 46.309
T2M SFT+RL ✓ 0.852 0.947 0.972 18.107 22.251 46.061
T2M+M2T SFT 0.786 0.894 0.933 10.909 24.281 46.385
T2M+M2T SFT+RL 0.814 0.917 0.951 10.526 23.555 46.495
T2M+M2T SFT ✓ 0.782 0.892 0.932 11.159 24.332 46.304
T2M+M2T SFT+RL ✓ 0.860 0.950 0.973 17.353 21.947 46.546

(d) MotionMillion: Effect of Unified Modeling on M2T Captioning under
Different CoT Settings.

Train Task Stage CoT B@1↑ B@4↑ R-L↑ CIDEr↑ Bert↑
M2T SFT 34.32 2.61 22.87 1.35 32.17
M2T SFT+RL 36.26 2.73 21.66 1.56 32.19
M2T SFT ✓ 27.34 1.85 20.90 1.28 31.91
M2T SFT+RL ✓ 37.05 2.60 22.48 1.87 32.41
T2M+M2T SFT 53.85 12.27 32.67 11.73 44.04
T2M+M2T SFT+RL 55.02 12.85 33.17 12.87 44.61
T2M+M2T SFT ✓ 54.22 12.42 32.87 12.45 44.56
T2M+M2T SFT+RL ✓ 57.56 13.85 33.69 14.90 45.97

TABLE VII
ABLATION STUDY ON THE IMPACT OF MOTION TOKEN VOCABULARY SIZE

FOR THE M2T TASK ON THE FULL VALIDATION SET OF THE
MOTIONMILLION DATASET.

Vocabulary Size B@1↑ B@4↑ R-L↑ CIDEr↑ Bert↑

65536 34.32 2.61 22.87 1.35 32.17
16384 36.28 2.84 24.04 1.31 33.39
4096 36.16 3.22 23.21 1.01 31.48
2048 33.42 2.59 21.68 0.93 27.85
512 37.95 2.95 20.92 1.20 29.67

show consistent gains from SFT to SFT+GRPO on the full
MotionMillion validation set, confirming that the improvements
are not limited to the Open-MoBench subset.

We additionally compare with a symmetric reward variant
marked with ▽. In this variant, M2T is trained with an
additional reward that mirrors the T2M alignment design:
embeddings from the frozen encoders of [18] are used to
compute the similarity between the generated caption and both
the ground-truth caption and the input motion. Its weaker
performance shows that M2T should not simply inherit T2M-
style motion-space alignment rewards. Since M2T requires
compressing high-dimensional motion sequences into compact

language semantics, caption-level semantic rewards are more
suitable for optimizing motion understanding.

E. Ablation Study

We conduct ablation studies on MotionMillion to examine
the effects of CoT and GRPO reward components. As shown
in Tab. V, adding GRPO rewards consistently improves the
SFT baseline without CoT. With all reward components,
the model improves R-Precision from 0.786/0.894/0.933 to
0.814/0.917/0.951, reduces MM-Dist from 24.281 to 23.555,
and also improves M2T captioning metrics. These results
show that GRPO provides effective post-training signals
for autoregressive motion-language modeling through format
control and cross-modal alignment rewards. CoT provides
a complementary semantic structure. CoT alone does not
consistently improve all metrics, but combining CoT with
GRPO leads to clear gains in both generation and understanding.
The full model achieves the best R-Precision, MM-Dist, BLEU-
1, BLEU-4, CIDEr, and BertScore, indicating that CoT is most
effective when its intermediate reasoning is optimized together
with task-specific rewards.

The ablation also reveals a difference between distributional
fidelity and semantic alignment. Models trained without CoT
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TABLE VIII
QUANTITATIVE RESULTS OF THE T2M TASK ON THE OPEN-MOBENCH. THE BEST SCORES ARE HIGHLIGHTED IN BOLD. PHY. PLAUS.: PHYSICAL

PLAUSIBILITY (0-5); SEM. ALIGN.: SEMANTIC ALIGNMENT (0-5); TEMP. COH.: TEMPORAL COHERENCE (0-5); AVG. : AVERAGE SCORE (0-5); BI.
CONSIS.: BIDIRECTIONAL CONSISTENCY (0-5).

Methods Phy. Plaus. Sem. Align. Temp. Coh. Avg. Bi. Consis.

GoToZero[18] 3.141 1.903 2.197 2.414 -
Open-UniMo SFT (w/o CoT) 3.218 1.871 2.229 2.439 1.587
Open-UniMo SFT+GRPO (w/o CoT) 3.189 1.912 2.272 2.458 1.686
Open-UniMo SFT+GRPO 3.281 1.990 2.312 2.528 1.742

TABLE IX
QUANTITATIVE RESULTS OF THE M2T TASK ON THE OPEN-MOBENCH. THE BEST SCORES ARE HIGHLIGHTED IN BOLD. DETAIL CONSIS.: DETAIL

CONSISTENCY (0-5); SEM. ALIGN.: SEMANTIC ALIGNMENT (0-5); TEMP. COH.: TEMPORAL COHERENCE (0-5); AVG.: AVERAGE SCORE (0-5); BI.
CONSIS.: BIDIRECTIONAL CONSISTENCY (0-5).

Methods Detail Consis. Sem. Align. Temp. Coh. Avg. Bi. Consis.

TM2T [38] 0.995 1.145 1.301 1.147 1.714
MotionGPT [15] 1.082 1.182 1.383 1.216 1.862
MotionAgent [11] 1.133 1.302 1.491 1.309 1.813

Open-UniMo SFT (w/o CoT) 2.346 2.976 3.096 2.806 2.369
Open-UniMo SFT+GRPO (w/o CoT) 2.433 3.052 3.233 2.906 2.362
Open-UniMo SFT+GRPO 2.439 3.077 3.308 2.941 2.288

can obtain lower FID, while CoT-based variants achieve
stronger retrieval alignment and motion-text consistency. This
suggests that CoT encourages semantics-guided generation,
which may reshape the generated motion distribution while
improving alignment to the input text. Overall, CoT and GRPO
play complementary roles: CoT builds a shared semantic bridge
between language and motion, while GRPO refines the model
toward better structural correctness and cross-modal alignment.

F. The Synergy Effect of Unified Modeling

We further examine whether joint T2M and M2T training
brings consistent benefits across dataset scales. As shown
in Tab. VI, unified training improves performance on Hu-
manML3D for both directions, and the same trend remains
on the larger MotionMillion dataset. This suggests that the
synergy between generation and understanding is not limited
to controlled benchmarks, but can also generalize to million-
scale open-world data. The effect is especially clear on
MotionMillion. T2M-only training can already learn effective
text-conditioned motion generation, and unified training further
preserves or improves this ability, achieving the best R-
Precision in the final setting. In contrast, M2T-only training
remains weak across SFT, GRPO, CoT, and their combinations.
This indicates that the M2T bottleneck is not simply due to
the absence of reasoning traces or reward-based post-training,
but is more closely related to the difficulty of extracting stable
semantics from one-way motion-token sequences.

To further examine whether this bottleneck comes from
motion-token capacity, we conduct a separate vocabulary-
size ablation under the M2T-only SFT setting. As shown in
Tab. VII, varying the vocabulary size from 512 to 65,536
does not produce a consistent performance trend: different
metrics peak at different vocabulary sizes, and all results remain
much lower than unified training. This shows that M2T-only
performance is not determined by motion-token vocabulary size

alone. Unified training substantially alleviates this limitation.
On MotionMillion, joint T2M+M2T SFT raises M2T BLEU-
1 from 34.32 to 53.85 without CoT, while the full unified
model with CoT and GRPO further reaches 57.56 BLEU-1 and
14.90 CIDEr. These results suggest that, in AR-based motion-
language modeling, the learnable T2M path provides semantic
grounding for motion tokens and helps the model acquire
stronger cross-modal representations for M2T, demonstrating
that generation facilitates understanding.

G. Evaluation on Open-MoBench

a) Text-to-Motion Evaluation: Tab. VIII reports the T2M
evaluation results on Open-MoBench. Compared with Go-
ToZero [18], Open-UniMo improves the average score from
2.414 to 2.528 and achieves higher scores in physical plausibil-
ity, semantic alignment, and temporal coherence. Among Open-
UniMo variants, GRPO improves the model trained without
CoT, while the final CoT-based SFT+GRPO model performs
best across the main T2M dimensions.

b) Motion-to-Text Evaluation: Tab. IX shows that Open-
UniMo also achieves clear advantages on M2T evaluation.
The final model obtains the highest average score of 2.941,
compared with 1.309 from MotionAgent [11], with consistent
improvements in detail consistency, semantic alignment, and
temporal coherence. The gains over the model trained without
CoT further indicate that CoT and GRPO help convert high-
dimensional motion inputs into more coherent and semantically
organized captions.

c) Bidirectional Consistency Evaluation: Open-MoBench
further reveals that bidirectional consistency is direction-
dependent. In the T2M→M2T cycle, the consistency score
increases from 1.587 for Open-UniMo SFT (w/o CoT) to
1.742 for the final model. Since this cycle starts from text,
CoT can expand the input into a structured motion plan before
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Fig. 6. Spearman rank correlation between human preference and VLM-as-Judge evaluation on Open-MoBench. Each point represents one model, where the
x-axis denotes the human preference win ratio and the y-axis denotes the VLM evaluation win ratio under the same task and evaluation dimension. The fitted
line visualizes the ranking trend, and ρ denotes the Spearman rank correlation between model-level human and VLM rankings.

generation, making the synthesized motion easier to interpret
and recover as text.

The M2T→T2M cycle behaves differently. Although the
final model achieves the best M2T score, it does not obtain
the highest consistency score in this direction. We observe
that CoT-guided M2T outputs are often more semantically
organized, but the resulting captions may not always specify
all details needed for reconstructing the original motion. Since
the subsequent T2M step relies on this intermediate caption,
this under-specification can lead to a reconstructed motion
that is semantically plausible but different from the original
motion, thereby reducing M2T→T2M consistency. This result
suggests that CoT improves semantic organization in M2T, but
text-based intermediate representations may not fully preserve
all motion details needed for faithful reconstruction.

H. Human Preference Testing

The goal of human preference testing is to verify whether
the VLM-as-Judge scores used in Open-MoBench can serve as
a reliable proxy for human perception. Following the validation
protocol of VBench [31], we compare model rankings induced
by VLM scores with those obtained from human preferences.
For each task and evaluation dimension, we randomly sample
100 examples from Open-MoBench and collect outputs from
all compared models under the same input. We invite five
volunteers with master’s degrees to participate in the evaluation.
All model identities are anonymized, and each comparison is
conducted under a single specified criterion, such as semantic
alignment, temporal coherence, or bidirectional consistency.

We convert human annotations into pairwise win ratios. For
each pair of model outputs, the preferred one receives 1 and
the other receives 0. Preferences are averaged over the five
annotators; if the averaged preference difference is smaller
than 0.05, the pair is treated as a tie and both models receive
0.5. VLM scores are converted into pairwise win ratios using
the same model pairs and criteria, where the output with the

higher VLM score is treated as preferred. We then compute
the Spearman rank correlation between model-level human win
ratios and VLM win ratios.

As shown in Fig. 6, VLM-as-Judge shows strong agreement
with human preference. The rank correlations are perfect on
all M2T dimensions and T2M→M2T consistency, and remain
high on M2T→T2M consistency as well as the main T2M di-
mensions. These results indicate that Open-MoBench provides
a reliable and scalable approximation to human evaluation
for unified motion-language assessment. Under the pairwise
preference protocol, both human and VLM comparisons rank
the full CoT+GRPO model below the non-CoT variants on
M2T→T2M consistency, which is consistent with our analysis
that better semantic organization in M2T does not necessarily
translate into more faithful motion reconstruction from the
intermediate caption.

VI. CONCLUSION

In this work, we introduced Open-UniMo, a unified Large
Motion-Language Model for open-world T2M generation and
M2T understanding. By extending Qwen’s vocabulary with
64K motion tokens, Open-UniMo builds a unified token space
that treats motion as a first-class modality and enables large-
scale motion-language modeling on million-scale open-world
data. We further incorporated CoT as a shared intermediate
representation between language and motion, and developed a
CoT-guided SFT→GRPO training pipeline to improve semantic
alignment and mitigate cumulative errors in autoregressive
motion-token prediction. To evaluate unified motion-language
intelligence beyond conventional single-direction metrics, we
proposed Open-MoBench, a VLM-guided benchmark that
jointly assesses T2M generation, M2T understanding, and
bidirectional consistency across diverse evaluation dimensions.
Extensive experiments demonstrate that Open-UniMo achieves
state-of-the-art performance on both traditional metrics and
Open-MoBench. More importantly, our analysis reveals a
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key property of AR-based motion-language modeling: M2T
understanding is not primarily constrained by motion-token
vocabulary size, as T2M-only training can be effectively
optimized whereas M2T-only training does not exhibit a
consistent positive trend with vocabulary size. By coupling
M2T with the learnable T2M generation path, unified training
yields stronger cross-modal representations, demonstrating that
generation can facilitate understanding in AR-based motion-
language models. These results provide a strong step toward
unified, scalable, and interpretable motion-language intelligence
in open-world embodied AI.
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Supplementary Material

I. ADDITIONAL DETAILS OF OPEN-MOBENCH

Open-MoBench evaluates motion-language models through
rendered motion videos, which allows VLMs to assess hu-
man actions from visual evidence rather than raw kinematic
sequences. Each motion sequence is first rendered in Blender
and then processed by YOLOv11-Pose [74]. The detected limbs
are color-coded in the rendered frames, with green denoting
the left body limbs and red denoting the right body limbs, as
shown in Fig. 7. This visual encoding makes directional and
body-part-specific cues more explicit for VLM-based scoring.

Beyond the rendering protocol, Open-MoBench is designed
to evaluate open-world linguistic coverage. Fig. 9 compares
the T2M prompts in Open-MoBench with motion captions
from HumanML3D [9]. Compared with HumanML3D, Open-
MoBench contains broader open-world action descriptions and
richer linguistic diversity.

Bidirectional consistency is analyzed through qualitative
examples and motion-feature visualization. Fig. 10 compares
Open-UniMo with prior methods [11], [15] under T2M→M2T
and M2T→T2M cycles, focusing on whether input semantics
are preserved after a complete cross-modal transformation.
For the M2T→T2M cycle, Fig. 8 visualizes motion features
encoded by the motion encoder from [18]. The stronger overlap
between Open-UniMo and the ground-truth clusters suggests
better preservation of the original motion semantics after the
motion–text–motion cycle.

The human preference study adopts a pairwise comparison
interface, as shown in Fig. 11. For each sample group,
annotators compare anonymized model outputs under the same
criterion and select the preferred result.

Fig. 7. Left–right limb annotation for VLM-based motion evaluation. Blender-
rendered motion frames are processed by YOLOv11-Pose [74], with green
indicating left body limbs and red indicating right body limbs.

II. PROMPT TEMPLATES

Prompt design plays an important role in both CoT supervi-
sion and benchmark evaluation. Fig. 12 summarizes the prompts
used for CoT annotation and T2M/M2T training. Fig. 13
provides the VLM-as-Judge prompts used in Open-MoBench.
These prompts specify the scoring criteria and output format
for T2M generation, M2T understanding, and bidirectional

consistency evaluation. For M2T→T2M consistency, directly
comparing two motion videos can be unreliable. Therefore, we
compare the reconstructed motion video with the ground-truth
caption of the input motion, using the caption as a textual
proxy for the original motion semantics.

Fig. 8. t-SNE visualization of the M2T→T2M bidirectional consistency
evaluation in the motion feature space. Open-UniMo (green) shows stronger
overlap with ground-truth clusters (blue), suggesting better preservation of
motion semantics.

Fig. 9. A comparative word cloud analysis of the T2M evaluation in Open-
MoBench (top) and HumanML3D [9] (bottom).
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Fig. 10. Qualitative comparison of our method with prior models [11], [15] on bidirectional consistency. Our approach better maintains semantic alignment
between text and motion across both T2M and M2T directions.

Fig. 11. Human preference testing interface. Annotators compare anonymized model outputs under the same criterion and select the preferred result.
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Fig. 12. Prompt templates for CoT annotation and model training. The prompts define structured reasoning and task-specific output formats for unified T2M
generation and M2T understanding.
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Fig. 13. Prompt templates for Open-MoBench VLM-as-Judge evaluation, covering T2M generation, M2T understanding, and bidirectional consistency scoring.
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