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Abstract—Text-to-motion generation aims to generate 3D hu-
man motion sequences that align with given textual descriptions.
Most existing methods achieve remarkable performance under
coarse-grained text conditions, but their applicability is limited in
scenarios requiring fine-grained descriptions with rich temporal
and spatial details. Prior studies on fine-grained text conditions
leverage large language models(i.e., ChatGPT) to transform
coarse-grained descriptions into fine-grained ones. But the con-
tents usually include redundant, missing, or erroneous details
due to the absence of visual input, reducing the text-motion
alignment performance of the generative models. To address
these challenges, we first investigate the performance of three
mainstream generative models conditioned solely on the fine-
grained descriptions. Secondly, to mitigate the above limitation
of large language models, based on the group relative policy opti-
mization(GRPO) algorithm, we propose a reinforcement learning
framework to optimize the generated fine-grained descriptions
with feedback from the specific evaluation models(AI Feedback).
Specifically, we employ modality alignment scores as reward
functions to steer the policy model toward generating fine-grained
descriptions that enable the generative model to synthesize
motions with higher fidelity and better text-motion alignment.
Furthermore, we incorporate a contrastive mechanism: generated
samples are compared against existing fine-grained annotations
based on their rewards. Samples achieving rewards greater
than or equal to the rewards of existing annotations are re-
garded as higher-advantage(positive reward) candidates within
the group, whereas those receiving lower rewards are considered
lower-advantage(negative reward) candidates. This mechanism
explicitly guides the model’s exploration toward more precise
directions: surpassing existing fine-grained annotations, further
enhancing the effectiveness of reinforcement learning. Extensive
experiments on public datasets demonstrate the effectiveness of
our approach. Notably, we observe that fine-grained descrip-
tions generated by the large language model optimized in the
proposed reinforcement learning framework provide consistent
gains across the three generative models, highlighting the strong
generalizability of our method.

Index Terms—Text-to-motion, fine-grained descriptions, large
language model, group relative policy optimization

I. INTRODUCTION

The text-to-motion generation task involves generating 3D
human motion sequences that align with given natural lan-
guage descriptions. It has garnered significant attention due
to its applications in animation production, virtual reality, and
robotics. While recent cutting-edge studies have substantially
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advanced this field [1]-[9], most focus on generating se-
quences from coarse-grained text descriptions (containing only
about 15 words). While such coarse-grained descriptions can
represent the semantics of corresponding motion sequences,
their lack of temporal and spatial information limits the
capabilities of generative models when faced with complex
descriptions. For instance, robotics-related operations involve
textual descriptions rich in temporal (i.e., stepwise description)
and spatial(i.e, joint transformation details) information.

FineHumanML3D [8] and FineMotion [9] leverage general
large language models (e.g., ChatGPT [10] and Gemini [11])
to transform coarse-grained descriptions within existing mo-
tion datasets into fine-grained descriptions. However, these
powerful large language models are inherently limited by
the lack of visual input and strongly influenced by their
linguistic priors. The generated fine-grained descriptions may
fail to faithfully reflect the motion sequences, leading to two
limitations: (i) missing or redundant details, and (ii) semantic
misalignment with the actual motion, causing deviations from
the original coarse-grained descriptions. These negatively im-
pact the capabilities of models to learn text-motion alignment
during training. Furthermore, although trained models are
capable of learning mappings from fine-grained descriptions
to motion, the richness of vocabulary and the diversity of
syntactic structures in fine-grained descriptions can introduce
substantial variability in the generated motions. During infer-
ence, descriptions that are semantically equivalent but differ
in lexical choice or sentence structure may lead to notice-
ably difference in generated results. In addition, they explore
the performance of text-to-motion models under fine-grained
descriptions. However, both incorporate coarse-grained and
fine-grained descriptions to provide sufficient semantic in-
formation, but obscure the impact of fine-grained descrip-
tions on text-to-motion models, as numerous studies [1]-[7]
have demonstrated that coarse-grained descriptions alone are
enough for achieving high performance.

To address these limitations, we first investigate the training
of text-to-motion models on motion data with only fine-
grained annotation and systematically analyze the effectiveness
of different model architectures under this setting. Subse-
quently, to alleviate the low text-motion alignment perfor-
mance caused by imprecise or unfaithful descriptions, we
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Fig. 1. Illustration of our approach’s motivation. > means strictly preferred over. Initially, the LLM generates a fine-grained description that uses imprecise
terms (e.g., ’fingers’) for hand actions, which can mislead the generation model and generate motions that deviate from the intended semantics. After
reinforcement learning with negative-sample feedback, the model revises the description (e.g., "hand’), leading to motions that more faithfully align with the

original coarse-grained text.

optimize a large language model(LLM) to expand coarse-
grained descriptions into fine-grained descriptions. Specifi-
cally, we train the LLM via supervised fine-tuning to learn
the distribution of fine-grained descriptions used for training
text-to-motion models. And apply the GRPO [12] algorithm
to incorporate feedback from both the text-to-motion model
and pre-trained text—-motion alignment models. Through these
two stages, we improve the faithfulness of the generated fine-
grained descriptions, thereby enhancing the text-motion align-
ment performance of the generative models. Fig. 1 provides
an illustrative overview of our motivation.

Unlike Motion-R1 [13] that directly computes advantages
after obtaining continuous modality alignment scores, we
incorporate a contrastive mechanism in which the reward
scores of the annotated fine-grained descriptions in the original
dataset serve as a baseline. The final reward is determined
by comparison with this baseline: samples whose scores are
greater than or equal to the baseline receive positive rewards,
while those falling below it are assigned negative rewards.
Through reinforcement learning, the model is encouraged to
preferentially retain fine-grained descriptions whose perfor-
mance is not inferior to the annotated fine-grained ones. Mean-
while, samples that suffer from issues including missing de-
tails, redundancy, or semantic mismatch are assigned negative
rewards due to their inferior guidance performance. Thus, their
output probabilities are suppressed. The detailed procedure of
the proposed method is depicted in Fig. 2. Finally, we con-
ducted extensive experiments on the FineHumanML3D [8] and
HumanML3D [14] datasets to validate our method. Results
demonstrate that, compared to fine-grained descriptions in
the original dataset(annotated by ChatGPT [10]), descriptions
generated by the LLM optimized by our proposed method
can guide generative models to generate motions with higher
text-motion alignment. Furthermore, we observe that even
generative models that are not involved in reinforcement
learning training can still benefit from the outputs of the opti-

mized LLM, similarly enhancing their text-motion alignment
performance, indicating the generalizability of our proposed
method. Code is available at https://github.com/ruilin19/Fine-
grained-Text-to-Motion-RL.

Our main contributions can be summarized as follows:

o« We investigate the underexplored setting of text-to-
motion generation conditioned solely on the fine-grained
descriptions and analyze model performance in light of
the characteristics of fine-grained descriptions.

e We propose to improve the performance of genera-
tion models by directly optimizing the fine-grained de-
scription conditions rather than the generation models
themselves. Specifically, we introduce a reinforcement
learning framework that optimizes the LLM to gener-
ate more faithful fine-grained descriptions from coarse-
grained inputs. A contrastive mechanism is employed to
explicitly encourage LLM to generate samples better than
the original annotations during reinforcement learning.

e We conduct extensive experiments, and the results
demonstrate that the descriptions generated by the opti-
mized LLM lead to better text-motion alignment perfor-
mance. Moreover, the descriptions also generalize well
across different generation architectures, highlighting the
effectiveness and generalizability of our approach.

II. RELATED WORK

The text-to-motion (t2m) task aims to generate 3D human
motion sequences aligned with given textual descriptions.
Early works employ VAEs [15] to model motion representa-
tions with texts. With the advent of VQ-VAE [16], motion
sequences can be quantized into discrete token sequences,
enabling the application of language modeling techniques for
this task. T2M-GPT [6] encodes textual descriptions using
CLIP [17] and models the discrete motion tokens conditioned
on text embedding in an autoregressive manner. MoMask [3]
and BAMM [4] further demonstrate that masked modeling



and bidirectional modeling can effectively accomplish this
task. In addition, MotionGPT [7], [18] leverages the text
understanding capabilities of pretrained language models to
perform conditional generation of discrete motion sequences.
Diffusion models have also been shown to be effective for text-
to-motion generation [5], [19]. However, due to limitations
of current benchmarks [14], [20], most studies focus on
generating motion sequences conditioned on coarse-grained
descriptions, with limited exploration of scenarios requiring
longer or fine-grained descriptions. FineMotion [9] and Fine-
HumanML3D [8] investigate the T2M task using both coarse-
grained and fine-grained descriptions, but do not analyze the
impact of relying solely on the fine-grained descriptions.

Reinforcement learning has been shown to improve the
performance of large language models by scaling sampled
trajectories that satisfy reward signals [12], [21]. Several stud-
ies have explored its application to text-to-motion generation.
[22] and [23] adopt DPO [21] to enhance generation quality
while avoiding the high cost of manual annotation. Motion-
R1 [13] demonstrates that incorporating modality-alignment
rewards with the GRPO [12] can further improve model
performance. These studies primarily optimize the generative
model itself. PAE [24] and Dall-E 3 [25] suggest that directly
optimizing the inputs to a generative model can achieve effects
similar to optimizing the model parameters in enhancing
higher-quality image generation. This strategy is particularly
relevant when the condition is long and requires richer details,
which is also applicable to text-to-motion generation under the
fine-grained descriptions.

III. METHODOLOGY

See Fig. 2. Our method consists of three components: a
motion tokenizer, a coarse-to-fine large language model(LLM),
and a text-to-motion(t2m) model. The motion tokenizer maps
continuous motion sequences into discrete motion token
sequences, and conversely reconstructs continuous motion
sequences from them. The coarse-to-fine LLM transforms
coarse-grained descriptions into fine-grained ones enriched
with temporal and spatial details. It also serves as the policy
model during reinforcement learning. The t2m model gener-
ates discrete motion tokens or continuous motions conditioned
on the fine-grained descriptions.

A. Motion Tokenizer

Similar to MoMask [3], we adopt Residual VQ-VAE [16]
as the motion tokenizer. Two codebooks are employed to
approximate the encoder’s outputs, which effectively reduces
quantization error and improves reconstruction quality. Specifi-
cally, the motion tokenizer consists of a motion encoder E, two
codebooks C; and Cs, and a motion decoder D. The encoder FE
accepts motion sequences M = [mq, ma,...,mp], m; € RP,
p is the dimension of a single pose representation, M is then
encoded into latent codes Z = E(M), 7 = (21, 22, .oy 20 /r)s
2; € R, d is the dimensionality of the encoder embedding
space and r is the compression ratio of the encoder. The
codebooks C,Cy € R°'2%4 quantize the corresponding latent

codes from encoders by searching the nearest embedding

in them. Vector quantization operation is define as Q,S =

VQ(Z,C) = {z],s; | z],s; = argminl|zy — 2|2, 2 €
K

C,2i € Z,k € [0,N),N € Z*},s; is the index of 27
in C. Let Q; and S; be the quantized vector of the latent
code Z and corresponding index sequences from C;. Let
Oy and Sy be the quantized vector of the residual latent
code(Z — Q1) anfl corresponding index sequences from Co,
Ql,Sl = VQ(Z,C1),Q2,SQ :A VQ((Z - Ql),CQ). The
reconstructed motion sequences M is decoded by the decoder
from the sum of Q; and Qy, M = D(9; + Q2)7M =
[y, g, ..., ]

To optimize the Residual VQ-VAE, we introduce a re-
construction loss L,.. to minimize the reconstruction error
between the ground truth motion M and the reconstructed one
M. In addition, we follow [6] to apply velocity regularization
in the reconstruction loss:

Erec — EimOOth(M, M) +a£imooth(V(M)7V(M))’ (1)

V(M) denotes extracting the velocity part from motion rep-
resentations. « is used to control the degree of velocity
regularization. For the optimization of codebooks, we follow
[6] to apply exponential moving average (EMA) and codebook
reset techniques [26] to update embeddings in the codebooks.
Finally, we introduce a commit 10ss L.ommq¢ for the motion
encoder to regularize the motion encoder, encouraging its
outputs to remain close to the embeddings of corresponding
codebooks.

Lcommit = HSQ(Ql)*ZA||2+||Sg(Q2)7(Zfsg(Ql))”27 (2)

where sg means stopping the gradient. In total, the training
loss of motion tokenizer L£,qyqe can be transformed to:

['mp)ae = Lrec +VLecommit, 3)

where v is a hyperparameter for commit loss.

B. Coarse-to-fine LLM

Inspired by Motion-R1 [13], we also leverage modality-
aligned scores as rewards to provide feedback to the LLM, in
order to mitigate redundancy or erroneous information in fine-
grained descriptions generated by it. Since the original LLM is
trained on general-domain training data, its output distributions
exhibit high diversity, making it challenging to sample motion
descriptions that are well-suited for the fine-grained text-to-
motion task. This limitation can hinder efficient sampling by
the policy model during rollouts, leading to inefficient and
unstable exploration. To address this issue, we adopt a cold
start training strategy. Specifically, we perform supervised
fine-tuning on the LLM using training pairs composed of
constructed prompts and coarse-to-fine description pairs from
the original dataset. The data is formatted as follows:

Task Prompt:{Coarse-grained Description}
<think>{Fine-grained Description}</think>
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Fig. 2. Pipeline of our method. (a) We train a motion tokenizer to encode and

reconstruct continuous motion sequences. (b) Using the discrete motion tokens

and fine-grained descriptions from FineHumanML3D [8], we train a fine-grained text—to-motion generation model. (c) We train a large language model to
transform coarse-grained descriptions from HumanML3D [14] to corresponding fine-grained descriptions in FineHumanML3D [8]. (d) This language model

is then optimized via reinforcement learning to reduce redundancy and errors

Cold start training enables the LLM to learn the mapping
from coarse-grained descriptions to fine-grained ones, aligning
its output distribution closer to that of fine-grained ones. It
provides a stable initial state for facilitating effective and
consistent exploration in subsequent reinforcement learning.

Since supervised fine-tuning only approximates the distri-
bution of ground-truth samples and lacks explicit supervision
from negative samples, the model often produces outputs
containing erroneous information during inference. To address
this issue, we adopt the GRPO [12] algorithm, which improves
the faithfulness of model outputs by providing both posi-
tive and negative feedback along generated trajectories. The
GRPO [12] algorithm does not require additional supervised
data. Instead, it updates model parameters by evaluating the
policy model’s sampled trajectories. Given a query ¢, the old
policy mp,_,, samples a group of G candidate outputs, which are
assigned rewards according to task-specific reward functions.
The rewards within the group are then normalized to compute
advantages, which are used to update the model parameters.
The optimization objective is as follows:

Jarro(0)
1 G
= E{Oi}’“”%m el Z min(piAi, clip(p;, 1 — ¢, 1+ e)Ai>
i=1

— 8 Dt (mo | mrer) |-

“)
pi = % is the importance sampling ratio, € is a hyper-
parameter for controlling the clipping range, 3 is the weighting
coefficient of the KL-divergence regularization term, 7y is the

in the generated fine-grained descriptions.

current policy, 7, is the reference policy, A; = %e(%lm

denotes the group-wise advantage term, which is obtained
by normalizing the aggregated rewards. It represents the
advantage of each sample within the group. The advantages
indicate whether a sampled trajectory is encouraged or sup-
pressed, and thus the reward function directly influences the
exploration direction of the policy model. Following Motion-
R1 [13], we introduce a text—motion alignment reward and
a motion—motion alignment reward to encourage the model
to explore sampled trajectories that are semantically closer to
the ground-truth texts and structurally closer to the ground-
truth motion sequences. Additionally, to ensure that the policy
model’s sampled trajectories can be effectively utilized during
exploration, we incorporate a format reward to constrain the
output format. Detailed descriptions of these three reward
functions are as follows:

Text—Motion Alignment Reward LLMs often generate
fine-grained descriptions containing redundant, missing, or
erroneous information, which can mislead the text-to-motion
models into generating motions that are unfaithful to the
original coarse-grained descriptions and motions. To mitigate
this issue, we introduce the text-motion alignment score as
the reward to encourage the LLM to generate more faithful
descriptions. Specifically, the text-motion alignment score is
defined as the cosine similarity in the embedding space be-
tween the generated motion sequence and the original coarse-
grained descriptions. Both text and motion embeddings are
obtained using pre-trained encoders from Guo [27].

Unlike question-answering tasks, where binary rewards can
be directly assigned based on correctness. Cosine similarity



is a continuous value in the range of [0, 1], so it is difficult
to define a precise threshold to distinguish sample quality.
To achieve a similar binary reward signal, we introduce a
contrastive mechanism: the original fine-grained descriptions
generated by the general large language model as baselines.
By comparing the text-motion alignment scores of generated
samples to those of the baselines, we can significantly differ-
entiate the quality of samples within the group. Specifically,
generated samples with scores lower than the baselines are
more likely to contain erroneous information and are assigned
negative rewards. Conversely, samples with scores exceeding
the baseline are likely to be more faithful or have sentence
structures and word choices similar to the training data distri-
bution, thus they are assigned the positive rewards. This reward
function is defined as follows:

1, if sim(E,,(D(G(0))), Et(Teoarse))
> Sim(Em (D(G(Tf1ne)))7 E; (Tcoarse))a
0, otherwise,

Rt2m =

4)
where sim is cosine similarity between embeddings, F,,, and
E; denote the text and motion pre-trained encoders from
Guo [27], Tfine and Teoarse denote the coarse-grained and
fine-grained descriptions from the training dataset, o are sam-
ples from policy model, D and G denote the motion decoder
from motion tokenizer and text-to-motion model.

Motion—Motion Alignment Reward We introduce a mo-
tion—motion alignment score as the reward to encourage the
LLM to generate samples that guide the t2m model to generate
motions closely aligned with the ground truth ones in both
temporal and spatial characteristics. Specifically, the score
is defined as the cosine similarity in the embedding space
between the generated motions and the ground truth ones. Mo-
tion embeddings are also obtained using the pre-trained motion
encoder from Guo [27]. Similar to the text-motion alignment
score, we employ the contrastive mechanism to binarize the
reward scores. The overall motion—-motion alignment reward
is defined as follows:

1, if sim(En(D(G(0))), Em(M))
> Sim(Em(D(G(Tfine)))aEm(m))v (6)
0, otherwise,

Rm2m =

where M is the ground truth motion from the training dataset.

Format Reward We introduce a format reward to ensure
structured outputs from the policy model. Specifically, if the
model’s output successfully matches the target pattern string
as follows, the reward is set to 1, otherwise, it is set to 0.

<think>{Fine-grained Description}</think>

These three rewards are aggregated to compute the ad-
vantages, guiding the policy model’s exploration trajectories
toward outputs that are both faithful and of high quality.

C. Text-to-Motion Generation Model

We reproduce three representative generative architectures
for fine-grained text-to-motion task: the motion diffusion

TABLE I
TRAINING SETTING.

Hyper-parameter Cold Start Reinforcement Learning FgT2M-T5

Epoch 40 1 300
Global Batch Size 128 8 32
Per-GPU Batch Size 4 2 32
Gradient Accumulation 8 1 1
Learning Rate 2e-5 le-6 2e-4
Warm-up Ratio 0.02 0.02 0

model(MDM) [5], T2M-GPT [6], and MotionGPT [18]. For
MDM [5], we follow the default model configurations, using
DistilBERT [28] as the text encoder, and the number of
diffusion steps is set to 50. For T2M-GPT, due to the context
window limitations of the CLIP [17], we replace it with T5-
base [29]. For MotionGPT, we select T5-base as the backbone
model and fine-grained text-to-motion as the only training task.
The MotionGPT is renamed as FgT2M-T5.

Since the fine-grained descriptions contain significantly
more tokens than coarse-grained ones, it requires the t2m
model to extract motion-relevant information from a longer
token sequence, thereby increasing the training difficulty. To
address this challenge, we explore adopting block-wise local
pooling over fine-grained text embeddings to reduce token-
level complexity and investigate the performance of different
t2m models under varying complexity of conditional inputs.
We provide a detailed analysis in the experiment section.

IV. EXPERIMENT
A. Experiment Settings

Dataset We conduct experiments on HumanML3D [14] and
FineHumanML3D [8]. HumanML3D [14] consists of 11,416
motions with manually annotated textual descriptions, ensur-
ing high text-motion alignment quality. FineHumanML3D [8§]
augments HumanML3D by generating fine-grained descrip-
tions from the original coarse-grained annotations using Chat-
GPT [10]. These annotations are noisier and may contain
text—-motion misalignment, redundancy, or missing informa-
tion. We merge these two datasets and retain samples that
include both coarse-grained and fine-grained descriptions for
training and evaluation. The data split follows the standard
protocol of HumanML3D.

Evalutaion Metric We adopts the Frechet Inception Dis-
tance (FID) [30], Multi-modal Distance (MM Dist), R-
Precision Top3, and Diversity metric to assess the fidelity,
diversity, and text-motion alignment of the generated mo-
tion. Each experiment is repeated 20 times, with reported
measures representing mean values and 95% confidence in-
tervals. Different from the evaluation protocol used in Fine-
HumanML3D [8], during reinforcement learning and the
evaluation of text-motion alignment metrics, we continue to
use the original coarse-grained descriptions to compute text
embeddings and text-motion similarity. Due to the redundancy
or errors in the original fine-grained descriptions caused by
the lack of visual input, some fine-grained annotations exhibit
lower semantic alignment with the corresponding motion



TABLE II
COMPARISON OF FINE-GRAINED TEXT-TO-MOTION GENERATION
ON HUMANML3D [14] TEST SET.

Method FIDJ R-Precision Top3t MM Dist] Diversity—
Ground Truth 0.002F:000 . 797E:002 9 g74+.008 g 503+-065
FgT2M-T5 [18] | 0.178F095  .766F:003  3.147%:007 9 g30F 095
-Cold Start 0.190%:006  .776%:003 3 091%:011 g g1+ 072
-Ours 0.176+006 0 781+:002 3 08t 012 g g2+ 086
-Ours w/o contrast| 0.177F008 0. 779+:003 3 g75+.010 g 77g+.091
MDM [5] 0.515=:008  (.8o9*002 2 9gp* 008 10 252+ 099
-Transfer* 0.578%1:009  0.814F:002 3 9gq+:009 10 260+ 087
T2M-GPT [6] 0.183F 011 .721%:002 3 465+:012 g go7+-081
~Transfer* 0.175%:907  0.736%:002 3.362% 012 g 74F-086

* denotes that this model is not involved in the reinforcement learning.

compared to carefully annotated coarse-grained descriptions in
HumanML3D. Applying such low-alignment texts to evaluate
the text-motion alignment of the generated sample is biased.

Implementation Details We trained the Residual VQ-VAE
following the same setting as T2M-GPT. For the t2m model,
we use the default settings from MDM [5] and T2M-GPT [6].
For the coarse-to-fine LLM, we used Qwen-2.5 [31] 3B as the
base LLM. Other training settings for coarse-to-fine LLM and
FgT2M-T5 could be seen in Tab. 1.

B. Main Results

As shown in Tab. II, fine-grained descriptions generated by
the cold start model yield higher text-motion alignment than
the original fine-grained ones(annotated by ChatGPT) when
guiding the generation. Since the output distribution of the cold
start model is better aligned with the training distribution of the
t2m model, ChatGPT with a stronger expressive capacity may
generate descriptions deviating from the training distribution,
leading to degraded guidance performance. Applying our
proposed reinforcement learning method improves both text-
motion alignment and generation quality, demonstrating that
modality alignment rewards effectively encourage the sam-
pling of more faithful fine-grained descriptions. The observed
performance drop after removing the contrastive mechanism
highlights its role in providing more precise reward signals,
thereby facilitating exploration toward a more optimal direc-
tion. Furthermore, to validate the generalization of the method,
we adopt a transfer evaluation strategy which selecting the
corresponding texts from the outputs of the LLM during the
evaluation of FgT2M-T5 to replace those in the test set for
testing. It further enhances text-motion alignment across MDM
and T2M-GPT. Since they are not involved in reinforcement
learning, results can be regarded as zero-shot evaluations,
highlighting the generalization of the proposed method. Over-
all, all results indicate that generation performance can be
improved by optimizing fine-grained descriptions alone.

C. Ablation Study

Pooling Size In this experiment, we explore block-wise
local pooling to reduce the number of text tokens provided
as conditional inputs. As shown in Tab. III, when applying
FgT2M-TS5, adopting the original length yields the best FID

TABLE III
ABLATION STUDY OF TEXT EMBEDDING POOLING

Method Pool Size FID| R-Precision Top31T MM Dist]  Diversity—
1 0‘140:l:.007 0‘731:!:.003 3‘403:(:.013 9‘678:&'088

Ts 4 0.178i'00§ 0.766%002  3.147%:007 g g30+:095
8 0'189:(:.006 0'7711.003 3.1201.011 9‘7901.100

16 [0.204F006 766003 3 138%010 g g11+:083

MDM 1 [0.515=008 (.809+ 002 3 ggp+-008 1p 252%+099
8 0.525%:009  ,794%:002 3 ggo*-010 10 275%+:096

but the worst R-precision and MM Dist. It indicates that
excessively long token sequences make it difficult for TS5
to identify tokens representing key semantics, the decoder
overfits the discrete motion tokens, resulting in high generation
quality but low text-motion alignment. Then, the overfitting
is alleviated by introducing block-wise local pooling, which
concentrates local semantic information into fewer tokens,
enabling the model to more effectively capture useful textual
cues. However, a large local pooling size also hinders the
learning of text-motion alignment. It is further evidenced
by T2M-GPT, which pools the text embedding into a single
one and exhibits degraded R-precision Top3 and MM Dist in
Tab. II. In contrast, MDM achieves best performance when
preserving the original length, likely due to its pose-level re-
construction objective: unlike discrete token prediction, recon-
structing joint-level motion sequences is more challenging and
benefits from retaining all token-level semantic information.
Hyperparameters of GRPO We conduct ablation studies
on the KL-divergence regularization weight and reward design
under two configurations of the FgT2M-T5. As shown in
Tab. IV, reducing the KL coefficient S from 0.01 to 0.001 im-
proves both generation quality and text-motion alignment, in-
dicating that a weaker constraint encourages more effective ex-
ploration. For reward design, using the text-motion alignment
reward alone improves R-precision to a greater extent than
FID. Conversely, the motion-motion alignment reward yields
more substantial improvements in FID than in R-precision and
MM Dist. These results align with the distinct optimization
directions encouraged by these two rewards and suggest that
they are complementary. When varying the generation model
during reinforcement learning, the model with a local pooling
size of 4 achieves the best overall performance across FID, R-
precision, and MM Dist. We attribute this to smaller pooling
blocks preserving more token embeddings, which increases
the model’s sensitivity to input conditions and provides the
policy model with more diverse rewards during exploration,
facilitating convergence toward more optimal trajectories.

D. Quality Results

We visualize motions generated under the guidance of the
original fine-grained descriptions in FineHumanML3D [8§]
with those guided by fine-grained ones generated by our
method. As depicted in Fig. 3. In the first example, both fine-
grained descriptions contain key action terms (e.g., "'walk’ and
’step on’). However, the original fine-grained description pro-
vides a brief description of the critical action of ”stepping onto
a big object”, mentioning foot movements only three times.



Coarse-grained text: a person walks, stepping onto a big object.

«step 1: beginning pose>The person begins in a standing position with his feet
shoulder-width apart and his arms at his sides.</step 1: beginning pose> <step 2:
start walking>He initiates the walk by taking a small step forward with his left
foot and shifting his weight onto it.</step 2: start walking> <step 3: step onto the
big object>As he takes another step forward with his right foot, he steps onto a
big object in his path. He lifts his right foot higher than he would for a normal
step and places it flat on top of the object.</step 3: step onto the big object>
<step 4: lift of f>He then lifts his left foot off the ground and swings it forward
to continue his stride, stepping down of f of the object with his right foot as he
lands. </step 4: lift of f><step 5: end pose>He continues his walk, repeating steps 2-

Original
Fine-grained
Text

4 as necessary.</step 5: end pose>

<step 1: beginning pose>The person begins in a standing position with his feet
shoulder-width apart and his arms at his sides. </step 1: beginning pose>step 2:

Generated approach>He takes a few steps forward towards the big object. </step 2:

Fine-grained
Text

approach><step 3: step up>As he reaches the object, he lifts his left foot and steps
onto the big object, placing his entire left foot on it. </step 3: step up>step 4:
balance>He shifts his weight onto his left foot and slightly lifts his right foot off
the ground, as he balances on the big object. </step 4: balance><step 5: step
down>After a brief pause, he steps down with his right foot, placing the sole of his
foot on the ground first and then lowering his heel. </step 5: step down><step 6:
walk>He takes a few more steps forward after landing on the ground. </step 6: walk>

Generated
Motion

i
.

Coarse-grained text: the person is ice-skating backwards.

<step 1: beginning pose>The person begins ice-skating forward with his feet shoulder-width apart and
his arms at his sides.</step 1: beginning pose> <step 2: stopping>The person stops skating forward by
putting his weight on his right foot and furning his body to the left while dragging his left foot behind
him, coming o a complete stop.</step 2: stopping> <step 3: turning around>The person then spins his
body to face the opposite direction while lifting his left leg of f the ice and turning it around. He then
places it back on the ice, crossing it behind his right foot.</step 3: turning around> <step 4: backward
skating>begins ice-skating backward by pushing of f with his right leg and gliding backward on his left.
He bends his knees slightly and maintains a slight lean backward for balance. His arms are positioned in
front of him for balance and speed control.</step 4: backward skating> <step 5: ending pose>He
continues skating backward, performing various backward skating moves and spins until he decides to

Original
Fine-grained
Text

stop or change direction again.</step 5: ending pose>

<step 1: beginning pose>The person begins standing at the edge of the rink, facing forward, with his
roller blades set up in a comfortable position.</step 1: beginning pose> <step 2: backward glide>He starts
to glide backward by shifting his weight onto his rear foot and pressing the other foot info the ice. He
then leans back, extending his arms for balance and using his rear foot to propel himself backward. As
he glides, he occasionally adjusts his angle to maintain forward momentum.</step 2: backward glide>
<step 3: stopping>When he reaches the other end of the rink, he slows down and comes to a stop by
gradually shifting his weight to his front foot and using it to stop the backward motion. He then rises up
on his rear foot and returns to a standing position with his roller blades still set up.</step 3: stopping>

Generated
Fine-grained
Text

Generated
Motion

*
*

Fig. 3. Visualization. Yellow poses indicate the first frame of the sequence, and red poses indicate the last frame. Green text highlights key descriptions
corresponding to the original coarse-grained text, while red text denotes erroneous or redundant descriptions.

TABLE IV
ABLATION STUDY OF GRPO HYPERPARAMETERS

SFT beta t2m mZm‘ FID| R-Precision Top31T MM Dist]  Diversity—
Pool Size = 4

0.178i'005 0.766:‘:'002 3.147:1:.007 9.830:‘:'095

v 0.190%:008 . 776%:003 3 091+011 g g16+:072

v 00l v v |0.180%098 0 779E003 3 (73+.009 g gogt 068

v 0001 v v |0.176%006 . 781%:002 3 0gg8* 012 g g+ 080

v 0001 v 0.179%007  0.781%:003 3 g70*:010 g gg3+:069

v 0.001 v 10.176%006 o 779E:002 3 g75E.010 g g1E-098
Pool Size = 8

0.189i'006 0.771:1:.003 3.120:!:.011 9'790:!:.100

v 0.219%:008 . 775%:003 3 ggg*-012 g 776+.074

v 0001 v v |0.199F:009 g 779+003 3 g77E.008 g 79g+.095

This sparsity increases the difficulty for the t2m model to
capture the corresponding semantic information within a long
sequence, overlooking the action ’step on’ during generation.
In contrast, the generated fine-grained description includes six
explicit references to foot movements, allocating more textual
tokens to the ’step on’ action. As a result, this semantic cue
becomes more salient, enabling the t2m model to more reliably

capture and reproduce the intended motion during generation.
In the second example, the original fine-grained description
contains substantial redundant action cues, where the key se-
mantic “backwards’ is underrepresented and further omitted by
irrelevant actions such as ’turn around’, leading the t2m model
to neglect ’backward’ movement in the generated motion.
In contrast, the generated fine-grained one assigns a higher
semantic weight to ’backwards’, resulting in output that more
faithfully aligns with the original coarse-grained. Overall,
these observations indicate that our method systematically
refines fine-grained descriptions by suppressing redundant
or erroneous content, leading to more faithful conditioning
signals and consistently improved generation performance.

V. CONCLUSION

In this paper, we first investigate the performance of three
mainstream generative architectures when conditioned solely
on the fine-grained descriptions. Specifically, we analyze the
impact of the number of tokens in the text conditions on the
performance of different generative models and subsequently
make corresponding modifications to the model architecture.



Then, we propose a reinforcement learning framework to
optimize a Large Language Model (LLM) tasked with trans-
forming coarse-grained descriptions into fine-grained ones,
aiming to mitigate redundancy and erroneous information in
the output content. We adopt the modality alignment scores as
the reward functions to evaluate different trajectories generated
during the model’s exploration. Furthermore, to provide more
precise rewards and guide the model toward better exploration
direction, we introduce a contrastive mechanism that utilizes
the original ground-truth fine-grained descriptions as a base-
line to determine the final rewards of different trajectories.
Finally, we conduct extensive experiments to verify the effec-
tiveness and generalizability of our proposed method.
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