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Abstract

Recent works have sought to enhance the controllability and
precision of text-driven motion generation. Some approaches
leverage large language models (LLMs) to produce more de-
tailed texts, while others incorporate global 3D coordinate se-
quences as additional control signals. However, the former
often introduces misaligned details and lacks explicit tem-
poral cues, and the latter incurs significant computational
cost when converting coordinates to standard motion repre-
sentations. To address these issues, we propose FineXtrol,
a novel control framework for efficient motion generation
guided by temporally-aware, precise, user-friendly, and fine-
grained textual control signals that describe specific body part
movements over time. In support of this framework, we de-
sign a hierarchical contrastive learning module that encour-
ages the text encoder to produce more discriminative embed-
dings for our novel control signals, thereby improving mo-
tion controllability. Quantitative results show that FineXtrol
achieves strong performance in controllable motion genera-
tion, while qualitative analysis demonstrates its flexibility in
directing specific body part movements.

1 Introduction
Human motion generation (Guo et al. 2020; Harvey et al.
2020; Song et al. 2021; Chen et al. 2023; Jiang et al. 2023)
has become an essential task for various applications such as
animation and digital humans. Recent advancements (Guo
et al. 2022b,a; Zhang et al. 2024; Tevet et al. 2023; Guo et al.
2024; Tan et al. 2024; Wang et al. 2025a) have shown im-
pressive capability in synthesizing diverse and realistic hu-
man motions from given texts, as illustrated in Fig. 1(A). As
the quality of generated motions improves, there is a grow-
ing demand for generating motions that are not only realistic
but also precise and controllable. Existing works to address
these demands fall into two main categories.

On the one hand, some methods (Kalakonda, Mahesh-
wari, and Sarvadevabhatla 2023; Huang et al. 2024; Wang
et al. 2025c) leverage detailed textual descriptions to gener-
ate precise motions, as shown in Fig. 1(B). Specifically, large
language models (LLMs) are used to expand the coarse-
grained textual annotations (e.g., “A man stands still and he
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is playing the violin.”) into descriptions detailing the move-
ments of individual body parts. These expanded fine-grained
descriptions are then connected with the original coarse texts
to generate motions. However, this approach suffers from
several limitations. First, the expanded descriptions are of-
ten not strictly aligned with the ground-truth motions, as
noted in (Wu et al. 2025), and may contain inaccurate infor-
mation due to LLM bias. Moreover, the expanded descrip-
tions detail all body part movements of the whole motion
sequence, lacking explicit temporal cues, such as when to
raise a hand, making it difficult to achieve precise control
over motion within specific time intervals. Besides, this sim-
ple connection paradigm provides limited flexibility for
temporally localized control, as shown in Tab. 4.

On the other hand, methods like (Xie et al. 2024; Wang
et al. 2024) introduce spatial control signals to improve
controllability, as illustrated in Fig. 1(C). Inpainting-based
methods (Shafir et al. 2024; Tevet et al. 2023; Karun-
ratanakul et al. 2023) integrated spatial constraints into the
generation process, but struggle to control joints beyond the
pelvis due to the use of relative pose representations. Re-
cent methods (Xie et al. 2024; Wang et al. 2024) addressed
the above limitations by converting the generated motion to
global coordinates, allowing direct comparison with input
control signals and using gradient-based error refinement.
However, this coordinate transformation incurs significant
computational cost, and specifying realistic global coordi-
nate sequences is challenging and unintuitive for users, lim-
iting applicability and scalability.

To combine the strengths of both categories while
addressing their limitations, we propose a novel con-
trollable motion generation framework: FineXtrol—Fine-
grained teXt controllable motion generation, as displayed in
Fig.1(D). Instead of relying on spatial coordinate sequences,
FineXtrol uses fine-grained textual descriptions of individ-
ual body part movements (e.g., “Move your left hand to your
left thigh.”) as the control signals. This eliminates the need
for coordinate conversion, improving efficiency, and offers
better scalability through the more user-friendly form of
control. Moreover, our fine-grained textual control signals
are sourced from FineMotion (Wu et al. 2025), whose de-
scriptions are explicitly aligned with ground-truth motions
and encode explicit temporal information. Besides, rather
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Figure 1: Illustrations of (A) Vanilla text-to-motion methods struggle to control specific body part movements. (B) Fine-grained
text-to-motion approaches using LLMs’ expanded descriptions for fine details, but often misalign with ground-truth motions
and lack explicit temporal cues. (C) Spatially controllable motion generation methods rely on global 3D coordinate sequences
as extra control signals, which are difficult to be provided beyond existing datasets and incur high computational costs from
pose conversion. (D) Our FineXtrol introduces accurate and temporally explicit fine-grained textual control signals for specific
body parts, enabling user-friendly and efficient controllable motion generation.

than directly connecting fine-grained textual control signals
with coarse-grained texts as a single input, we incorporate
the control signals as residual guidance to modulate the mo-
tion features conditioned on coarse-grained texts. These de-
signs lead to the generation of realistic and coherent motions
that adhere closely to the specified fine-grained constraints.

During implementation, we observed that widely used
text encoders such as CLIP (Radford et al. 2021) and
T5 (Raffel et al. 2020) struggle to produce discriminative
embeddings for our fine-grained textual control signals, as
illustrated in Fig. 7. We attribute this limitation to their pre-
training on datasets that emphasize coarse semantics. As a
result, these encoders often overlook subtle cues essential
for capturing detailed motion semantics. To address this is-
sue, we analyze the characteristics of our fine-grained tex-
tual control signals, and introduce a hierarchical contrastive
learning module. This tailored module enhances the text en-
coder’s ability to extract discriminative embeddings for our
fine-grained textual control signals, thereby enabling more
precise control over human motion generation.

Both quantitative results on HumanML3D (Guo et al.
2022a) and visualizations under various settings demon-
strate that our framework, FineXtrol, delivers strong control-
lable motion generation performance and notably surpasses
the previous state-of-the-art in controlling multiple body
parts within designated temporal intervals. Moreover, com-
pared with prior diffusion-based controllable motion genera-
tion methods, FineXtrol uses fewer trainable parameters and
requires less inference time, highlighting the efficiency of
our framework. To summarize, our contributions are as fol-
lows: First, to the best of our knowledge, we propose FineX-

trol, a novel and user-friendly controllable motion genera-
tion framework that enables control over body part move-
ments within specific temporal intervals. Secondly, we de-
sign a hierarchical contrastive learning module to enhance
the text encoder’s ability to capture discriminative embed-
dings for our fine-grained textual control signals, thereby
further improving FineXtrol’s capacity to generate motions
that accurately follow the specified instructions. Thirdly,
extensive experiments demonstrate that our FineXtrol excels
in precise multi-body-part motion control, and user accessi-
bility, highlighting its potential for real-world applications.

2 Related Work
Text-driven Human Motion Generation. Text-to-
motion generation plays a crucial role in various appli-
cations. Existing approaches can be broadly categorized
into two major generative paradigms (Xie et al. 2024):
auto-regressive models (Guo et al. 2022a, 2024; Starke,
Mason, and Komura 2022; Rempe et al. 2023; Huang
et al. 2024; Juravsky et al. 2022) and diffusion-based
models (Tevet et al. 2023; Yuan et al. 2023; Shafir et al.
2024; Karunratanakul et al. 2023; Chen et al. 2023). Auto-
regressive approaches generate motion frame-by-frame,
while diffusion-based ones progressively denoise an entire
motion sequence over multiple iterations. Most of them
rely on coarse-grained texts, which often fail to capture the
subtle details of human actions. Recent studies (Kalakonda,
Maheshwari, and Sarvadevabhatla 2023; Huang et al.
2024; Wang et al. 2025c) have incorporated fine-grained
textual descriptions to enhance precise motion generation.
However, their LLM-generated detailed texts are often
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Figure 2: Overview of FineXtrol. Our framework takes the coarse-grained text p, the fine-grained textual control signal c, and
a noise motion sequence xt as input, and predicts the clean motion sequence x0. The lower branch resumes from MDM to
maintain stable motion generation capabilities from p. The upper branch is a trainable copy of MDM, modulated by c through
conditional feature adaptation. The zero-initialized linear layers connect between branches. The framework ensures that the
generated motion adheres not only to the coarse-grained text but also to the control signal.

not strictly aligned with ground-truth motions and lack
explicit temporal cues, leading to weak correspondence
between text and motion segments. This limits control over
individual body parts and time intervals. In contrast, our
FineXtrol enables precise control over both.

Controllable Motion Diffusion Models. Controllability
in diffusion models has been widely studied, especially
in image synthesis (Rombach et al. 2022; Ho and Sali-
mans 2022; Zhang, Rao, and Agrawala 2023; Wu et al.
2024), and is now also gaining attention in motion genera-
tion area. Inpainting-based methods like PriorMDM (Shafir
et al. 2024) condition on observed motion segments to
predict missing ones while maintaining global coherence.
ControlNet-based methods enhance controllability by in-
jecting conditional signals via a trainable copy of a pre-
trained motion generation model. For example, OmniCon-
trol (Xie et al. 2024) and InterControl (Wang et al. 2024)
use global joint coordinates as control signals, enabling con-
trollability with minimal fine-tuning. However, they require
users to provide realistic coordinate sequences, which is im-
practical, and incur expensive conversions to relative motion
representations. Similarly, our method adopts ControlNet
paradigm, but employs a more efficient and user-friendly
control signal, i.e., fine-grained textual descriptions of body
part movements across temporal intervals.

Contrastive Learning for Text Embedding. Learning
discriminative sentence embeddings is fundamental to nat-
ural language processing. Early methods relied on distribu-
tional hypotheses to predict surrounding sentences (Kiros
et al. 2015; Logeswaran and Lee 2018; Petrovich, Black, and
Varol 2021) or extended Word2Vec with N-Gram represen-
tations (Pagliardini, Gupta, and Jaggi 2018). Recent meth-
ods have adopted contrastive learning to align augmented
sentence pairs (Devlin et al. 2019; Giorgi et al. 2021; Carls-
son et al. 2021; Yan et al. 2019; Gao, Yao, and Chen 2021).

Contrastive learning has also been effective in multi-modal
settings (Wang et al. 2022; Ramesh et al. 2021; Radford et al.
2021; Wang et al. 2025b; Li et al. 2024), aligning image
and text embeddings from large-scale paired data. However,
most pretrained text encoders focus on coarse semantics and
struggle with fine-grained distinctions. To address this, we
analyze the properties of our fine-grained textual control sig-
nals, and design a contrastive module to extract discrimi-
native embeddings, enabling more precise fine-grained text
controllable motion generation.

3 Method
Fig. 2 displays the overall pipeline of our proposed frame-
work, which leverages fine-grained textual descriptions as
control signals to guide motion generation. The notations
and the definition of this novel research problem are clarified
in Sec. 3.1. We then briefly introduce required preliminaries
in Sec. 3.2. Next, we detail two key modules in our frame-
work: (1) generating motion sequences guided by our fine-
grained textual control signals, which detail specific body
part movements in specific temporal intervals (see Sec. 3.3),
and (2) representing our fine-grained textual control signals
in a robust and discriminant manner (see Sec. 3.4).

3.1 Problem Formulation
Given a coarse-grained text p, such as “A man kicks some-
thing with his left leg”, and a fine-grained textual control
signal c, such as “Move your left leg to the right in 1.0-
1.5s”, our framework F should generate a realistic motion
sequence x0 ∈ RT×D, where T is the temporal length and
D is the dimension of human pose representations. Math-
ematically, we formulate this fine-grained text controllable
motion generation task as:

x0 = F (p, c; Θ) , (1)

where Θ is the parameters of F .
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3.2 Preliminaries
Motion Diffusion Model (MDM) (Tevet et al. 2023)
adapted powerful diffusion models to human motion gen-
eration by framing the task as a gradual denoising pro-
cess. Given a ground-truth motion x̂0, noise is progres-
sively added to produce a noisy version xt, where t denotes
the number of noise addition steps. Then, conditioned on a
time step t and a coarse-grained text p, MDM employed a
transformer-based network ϵθ with parameters θ to reverse
the process and directly predict the clean motion x0. The
model is trained with the objective function:

Lθ = ∥ϵθ(xt, t,p; θ)− x̂0∥22 . (2)

Fine-grained Textual Control Signal c specifies the de-
sired movements of particular body parts within defined
temporal intervals. In this paper, we divide the human body
into six main parts: head, body, left arm, right arm, left leg,
and right leg. See the Appendix for details. An example of
a fine-grained control signal for the right leg is shown in
Fig. 3. Here, <SEP> separates the descriptions across dif-
ferent temporal intervals. <Motionless> indicates that no
movement of the specified body part occurs in that interval.

Move your right leg forward. <SEP> Move your right leg back. Point 
your right foot on the floor. <SEP> Move your right leg forward. Bend 
your right knee. <SEP> <Motionless> <SEP> Move your right leg back.

Figure 3: A fine-grained textual control signal example.

3.3 Motion Generation with Fine-grained Textual
Control Signal

To generate human motions that follow coarse-grained
texts and the fine-grained textual control signals, we fol-
low the ControlNet (Zhang, Rao, and Agrawala 2023)
paradigm to propose a dual-branch framework, as illustrated
in Fig. 2. The lower branch reuses the original MDM (Tevet
et al. 2023) transformer encoder with resumed pretrained
weights to ensure stable generation from coarse-grained
texts p. Specifically, the “Input Process” block includes a
CLIP (Radford et al. 2021) text encoder to extract the tex-
tual embedding ep, and linear layers to encode the noisy mo-
tion sequence xt into a motion embedding ext . These two
embeddings are then concatenated as

e = [ep; ext ], (3)

and fed into the transformer blocks. The output of the l-th
transformer block is defined as

hori
l = TransformerBlockl(h

ori
l−1), with hori

0 = e. (4)

Meanwhile, the upper branch is a trainable copy of
MDM, modulated by the fine-grained textual control sig-
nal c through conditional feature adaptation. First, we con-
struct the concatenated textual and motion embedding e′ in
the same way as the lower branch. To encode the control
signal c, we apply random masking on it by replacing de-
scriptions within random temporal intervals with the spe-
cial token <Mask>, and extract its embedding ec using our

well-designed text encoder (see Sec. 3.4). We then align ec
to the transformer’s embedding space via a linear layer and
add it to e′, effectively modulating e′ before it is fed into the
transformer. The output of the l-th transformer block in the
upper branch is computed as:

hctrl
l = TransformerBlockl(h

ctrl
l−1), (5)

with hctrl
0 = e′ + Linear(ec). (6)

The upper branch is connected to the lower branch
through linear layers Pl(·) whose weights and biases are ini-
tialized to zero. Formally, the interaction between branches
at the l-th layer is defined as:

hout
l = hori

l + Pl(h
ctrl
l ). (7)

This zero-initialization prevents the injection of random
noise into the lower branch during the early stages of train-
ing. As training progresses, the upper branch gradually
learns to interpret the fine-grained textual control signals,
capturing both spatial and temporal aspects, and refines the
motion by injecting meaningful corrections into the corre-
sponding layers of the motion diffusion model, thereby en-
hancing motion quality.

3.4 Hierarchical Contrastive Learning for
Fine-Grained Textual Control Signal

Commonly used text encoders, such as CLIP (Radford et al.
2021) and T5 (Raffel et al. 2020), exhibit limited capabil-
ity in extracting discriminative embeddings for fine-grained
textual descriptions, especially our fine-grained textual con-
trol signals. This limitation hinders the performance of con-
trollable motion generation. To solve this, we analyze the
structure of our control signal and identify that it inherently
contains three levels of information. As illustrated in Fig. 3:
• The whole example describes a specific body part’s

movements across all temporal intervals. Such informa-
tion is referred to as sequence-level.

• Descriptions of a single interval, i.e., between
two<SEP> tokens, are considered as snippet-level.

• Each individual sentence within an interval is defined as
sentence-level.

Building on this insight, we propose a hierarchical con-
trastive learning module with level-specific data augmen-
tations to enhance the control signal embeddings. Specifi-
cally, we adopt T5 as the base text encoder due to its capac-
ity to encode long text sequences, and progressively train it
through contrastive learning at the sentence, snippet, and se-
quence levels, each initialized from the weights learned at
the previous level. Next, we describe data augmentations for
each level and the training objective in detail.

Sentence-Level. At this level, the goal is to enable the text
encoder to distinguish between different body part move-
ment sentences. Specifically, we build a sentence-level cor-
pus Dori

sen with non-repetitive body part movement sentences
from FineMotion (Wu et al. 2025), which is the source
of our fine-grained textual control signals. Then, we uti-
lize DeepSeek-V2 (DeepSeek-AI 2024) to rewrite each sen-
tence, forming an augmented corpus Daug

sen (see Appendix for
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prompts). Each sentence in Dori
sen and its rewritten counter-

part in Daug
sen form a positive pair, while all other sentences in

the corpora serve as their negative samples.

Snippet-Level. This level aims to make the text encoder
robust to the order of sentences within a single time in-
terval. Similarly, we collect snippet-level descriptions from
FineMotion to build a snippet-level corpus Dori

sni. For aug-
mentation, we randomly replace some of the sentences with
their counterparts from Dori

sen and shuffle their order (see Ap-
pendix, Algorithm 1). Each snippet-level description is aug-
mented twice to form a positive pair; augmentations from
other snippet-level ones serve as their negative samples.

Sequence-Level. The text encoder in this level aims to en-
hance its temporal awareness of different temporal intervals’
body part movement descriptions, i.e., our control signals.
To construct augmented data at this level, we randomly ap-
ply snippet-level augmentations to the individual intervals
within a control signal, but preserving the temporal order of
intervals (see Appendix, Algorithm 2). Each sequence-level
description is augmented twice to form a positive pair, while
augmented versions of other sequence-level descriptions are
treated as their negative samples.

Contrastive Learning. For all three levels, we train the
text encoder with the InfoNCE (van den Oord, Li, and
Vinyals 2019) loss, which pulls positive pairs closer and
pushes negatives apart. In each minibatch, we sample N
original texts and construct positive pairs caug

i and caug
j for

each. Their embeddings can be represented as:

hi = Avg(E (caugi )), hj = Avg(E
(
caugj

)
), (8)

where E(·) is the text encoder, and Avg(·) denotes the av-
erage pooling operation that aggregates the encoder outputs
along the sequence length to produce a single embedding.
A MLP projection head g(·), randomly initialized for each
level, then maps the embeddings into contrastive space:

zi = g(hi), zj = g(hj). (9)

Thus, each minibatch yields 2N contrastive embeddings in
total. Each embedding is contrasted against the other 2(N −
1) negative ones. The contrastive loss for each embedding,
such as caug

i , is:

Li = − log
exp (sim (zi, zj) /τ)∑2N

k=1 1[k ̸=i] exp (sim (zi, zk) /τ)
, (10)

where sim(·, ·) denotes cosine similarity, 1(·) is an indicator
function, and τ is the temperature parameter.

4 Experiment
4.1 Experimental Setup
Datasets. We conduct experiments on the widely used Hu-
manML3D (Guo et al. 2022a) dataset, using its texts as
the coarse-grained texts p. For fine-grained textual control
signals c, we use annotations from FineMotion (Wu et al.
2025), which provide detailed body part movement descrip-
tions over short temporal intervals for HumanML3D mo-
tions. See the Appendix for details.

Implementation Details. We first progressively train the
text encoder across three levels in the hierarchical con-
trastive learning module, then freeze it to extract control sig-
nal embeddings for training our FineXtrol framework. All
experiments are conducted on a single A100 40G GPU. We
follow the training hyperparameters from (Xie et al. 2024).
See the Appendix for detailed hyperparameters.

Evaluation Metrics. The evaluation metrics are catego-
rized into two groups: (1) Generated Motion Quality: Fol-
lowing (Xie et al. 2024), we assess the realism and diver-
sity of generated motions using Frechet Inception Distance
(FID), Multi-modal Distance (MM-Dist), R-Precision (Top-
1/2/3 motion-to-text retrieval accuracy), and Diversity. For
metric definitions, see (Guo et al. 2022a). (2) Textual Repre-
sentation Quality: To evaluate the discriminability of embed-
dings for our fine-grained textual control signals, we adopt
metrics from (Devlin et al. 2019; Gao, Yao, and Chen 2021),
including cosine similarity, alignment, and uniformity. See
their papers for details.

4.2 Comparison with State-of-the-arts
We compare different controllable motion generation meth-
ods on HumanML3D in Tab. 1. Results in blocks (1)-(3) are
taken from (Xie et al. 2024; Wang et al. 2024), while others
are our implementations. The implementation details can be
seen in the Appendix. From Tab. 1, FineXtrol (Body Part:
Average) achieves an FID of 0.245 (vs. 0.544) and an R-
Top3 of 0.685 (vs. 0.611), compared to MDM without con-
trol signals in block (2), which demonstrates the effective-
ness of our novel control framework. Compared to pre-
vious controllable motion generation methods in blocks (4)-
(5), FineXtrol achieves state-of-the-art results in R-precision
and Diversity, indicating its ability to generate more di-
verse and accurate motions. This supports the advantage of
using our precise textual control signals, which offer greater
flexibility than rigid spatial coordinates. Moreover, FineX-
trol offers a more user-friendly approach to guide motion
generation. We also compare results on controlling multiple
body parts, a more challenging task, in block (6). Specifi-
cally, we follow OmniControl to train FineXtrol with com-
binations of body part control signals, resulting in a total of
i.e.,

(
6
1

)
+
(
6
2

)
+
(
6
3

)
+
(
6
4

)
+
(
6
5

)
+
(
6
6

)
= 63 combinations. Dur-

ing evaluation, one combination is randomly sampled per

Coarse-Grained Text:  a person walks in a clockwise circle.

1.0~1.5s: Straighten your left 
arm. 
1.5~2.0s: Bend your right 
knee more. 
2.5~3.0s: Move your left leg 
forward. 

A.w/o Control C.Multi-part ControlB.Single-part Control

1.0~1.5s: Move your left 
leg back slightly.
3.0~3.5s: Move your left 
leg forward.

Figure 4: Visualizations of different control settings.
<Mask> is used for all unspecified temporal intervals.
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No. Method Control
signal

User-Friendly
control Body Part FID ↓ R-precision ↑

(Top-3) Diversity → MM-Dist ↓

(1) Real - - - 0.002 0.796 9.503 2.965

(2) MDM (Tevet et al. 2023) ICLR’23 - - - 0.544 0.611 9.559 5.432

(3)

MDM (Tevet et al. 2023) ICLR’23 ×
Pelvis

0.698 0.602 9.197 5.430
PriorMDM (Shafir et al. 2024) ICLR’24 ×

Only

0.475 0.583 9.156 5.424
GMD (Karunratanakul et al. 2023) CVPR’23 Coordinate × 0.576 0.665 9.206 5.430

OmniControl (Xie et al. 2024) ICLR’24 × 0.218 0.687 9.422 4.991
InterControl (Wang et al. 2024) NeurIPS ’24 × 0.159 0.671 9.482 5.026

(4) InterControl (Wang et al. 2024) †
NeurIPS ’24 Coordinate × Average 0.209 0.684 9.301 5.164

OmniControl (Xie et al. 2024) †
ICLR’24 × 0.255 0.680 9.735 5.054

(5) CoMo (Huang et al. 2024) †
ECCV’24 Text ✓ Average 0.347 0.625 9.568 5.588

FineXtrol (Ours) ✓ 0.245 0.685 9.492 5.087

(6)
OmniControl (Xie et al. 2024) †

ICLR’24 Coordinate × 0.624 0.601 9.334 5.252
CoMo (Huang et al. 2024) Text ✓ 0.606 0.611 9.662 5.638

FineXtrol (Ours) Text ✓
Cross

0.351 0.676 9.658 5.146

Table 1: Quantitative results on the HumanML3D test set. Methods in block (3) are trained with pelvis-only control, while
those in blocks (4)-(6) are trained with control over all body parts. Body Part (Average) reports the average performance across
all body parts under four levels of control signal density: 25%, 50%, 75%, and 100%. Body Part (Cross) reports the average
performance over the combination of multiple body parts. † refers to our re-evaluation. → means closer to real data is better.
Results show that our FineXtrol is efficient, user-friendly, and competitive with the existing controllable generation methods.
We bold the best results in each block with body part: Average and Cross.

Body Part FID ↓ R-Top3 ↑ Diversity → MM-Dist ↓
Head 0.265 0.687 9.423 5.051
Body 0.261 0.679 9.548 5.119

Left Arm 0.224 0.684 9.671 4.981
Right Arm 0.219 0.684 9.427 5.208
Left Leg 0.239 0.685 9.543 5.063

Right Leg 0.263 0.689 9.341 5.100

Average 0.245 0.685 9.492 5.087

Table 2: Detailed results of controlling specific body parts.

test instance. Results show that other methods’ Cross perfor-
mance drops significantly, while FineXtrol experiences only
a slight decline, highlighting the robustness of our approach.

Following (Xie et al. 2024; Wang et al. 2024), we display
the detailed control performance (averaged over all density
levels) for six different body parts in Tab. 2. The results in-
dicate that using fine-grained textual control signal of Right
Arm yields the best FID of 0.219, using those of Right leg
achieves the highest R-Top3 of 0.689, and using those of
Left Arm results in the best MM-Dist of 4.981. Detailed re-
sults of different control signal densities are provided in the
Appendix. We also display our qualitative results in Fig. 4.
It shows that FineXtrol supports both single- and multi-part
control over different temporal intervals.

Furthermore, we report the inference time and the num-
ber of trainable parameters for our FineXtrol and other
diffusion-based controllable motion generation models in
Tab. 3. Specifically, we calculated the average time required
to generate a single motion sequence with 1000 denoising
steps, computed over 100 runs on an NVIDIA A100-SMX-
40G GPU. The results show that FineXtrol has fewest train-

Methods Control Inference Params.Signal Time(s) ↓
OmniControl (Xie et al. 2024)

Coord.
168.51 48.79M

InterControl (Wang et al. 2024) 159.72 42.00M
GMD (Karunratanakul et al. 2023) 153.25 238.63M

FineXtrol (Ours) Text 128.57 23.39M

Table 3: Inference time and the number of trainable parame-
ters of diffusion-based controllable motion generation meth-
ods. ‘Coord.’ is short for coordinate.

78.79%

13.63%

74.24%

15.66%
7.58% 10.10%

Prefer FineXtrol Prefer CoMo Equally Good

Figure 5: The statistical results of the user study. The left
pie chart displays the average preference ratio for the visu-
alized motion sequences without fine-grained textual con-
trol signals (2 cases) of our FineXtrol and CoMo. The right
one shows that with fine-grained textual control signals (6
cases). Each case is evaluated based on (1) alignment with
control signals and (2) motion naturalness.

able parameters, and achieves highest inference efficiency,
benefiting from the absence of conversions between differ-
ent pose representations.

We also conducted a user study with 33 subjects to com-
pare our method with CoMo, which also uses fine-grained
texts to enhance motions. Each subject evaluated 8 cases
from two perspectives. According to the statistical results in
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FineXtrol
 (Ours)

CoMo

➢ Coarse-Grained Text: 
A person is doing a salsa dance moving their legs and arms.
➢ Fine-Grained Textual Control Signal: 
<0~1s>: Move your right leg forward. 
<7~8s>: Move your right foot back. Bend your right knee. 

0s 1.0s 7.0s 8.0s

Figure 6: A motion pair comparing right leg control in the
user study. Body part movements in unspecified intervals are
not explicitly controlled.

the left part of Fig. 5, our method was preferred over CoMo
in 78.79% of the cases without control signals. With con-
trol signals (right part of Fig. 5), 74.24% of users favored
our results. Fig.6 illustrates a representative example: CoMo
produces motions that are misaligned with control signals,
whereas FineXtrol yields more faithful and precise motion.
More comparisons are provided in the Appendix.

4.3 Ablation Study
We conduct ablation experiments on both the controllable
motion generation paradigm and the textual embeddings to
validate the effectiveness of our framework’s design choices.
We summarize key findings below.

Fine-grained Textual Control Paradigm FID ↓ R-Top3 ↑
Direct 1.383 0.601
Ours 0.245 0.685

Table 4: Ablation study on control paradigm. Our control
paradigm significantly outperforms the ‘Direct’ paradigm,
which directly connects coarse-grained text and fine-grained
textual control signals as a single input.

Effectiveness of Our Control Paradigm. We directly
connect the fine-grained textual control signals with the
coarse-grained text, encode the combined input using our
text encoder, following Fig. 1(B), and denote this baseline
as ‘Direct’. Tab. 4 indicates that ‘Direct’ control paradigm
yields poorer performance, even when the fine-grained de-
scriptions are precise and temporally aware. This suggests
that a single-branch model struggles to process densely
packed information, and lacks the capacity to fully cap-
ture detailed textual semantics. In contrast, our paradigm not
only preserves the ability to follow coarse-grained texts but
also effectively guides the model to align with fine-grained
textual control signals.

Effectiveness of the Hierarchical Contrastive Module
for Fine-Grained Textual Control. We compare different
text encoders by extracting embeddings for all fine-grained
textual descriptions in FineMotion in Fig. 7. Results show

Text Encoder FID ↓ R-Top3 ↑ Diversity → MM-Dist ↓
CLIP 0.579 0.603 9.310 5.927

T5 0.374 0.659 9.594 5.483
Ours 0.245 0.685 9.492 5.087

Table 5: Ablation study on different text encoders. The con-
trollable motion generation performance with our text en-
coder significantly surpasses those with CLIP and T5, prov-
ing the effectiveness of our hierarchical contrastive learning
module for fine-grained textual control signals.
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Better
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Figure 7: Comparison with existing text encoders in repre-
senting fine-grained textual control signals. We plot ℓalign −
ℓuniform of textual embeddings from different text encoders.
For both ℓalign and ℓuniform, lower numbers are better. Results
show that our text encoder trained with the proposed hier-
archical contrastive learning module performs significantly
better than prevalent text encoders.

that our text encoder, trained with the proposed hierarchi-
cal contrastive module, yields more discriminative embed-
dings than prior encoders. More ablations for each con-
trastive level are provided in the Appendix. We also assess
their impact on fine-grained textual controllable motion gen-
eration in Tab. 5. Results show that the T5 encoder outper-
forms CLIP, likely due to CLIP’s truncation of long, detailed
texts. With our hierarchical contrastive module, our text en-
coder achieves further gains, surpassing both T5 and CLIP.

5 Conclusion
We propose FineXtrol, an efficient framework that leverages
novel and user-friendly control signals, i.e., precise and fine-
grained textual descriptions of body part movements, to gen-
erate human motion sequences, offering a fresh perspective
on controllable motion generation. We further introduce a
hierarchical contrastive learning module to enhance the text
encoder’s ability to extract discriminative embedding for this
novel control signal. Experimental results show that FineX-
trol excels in controllable motion generation, particularly in
controlling body part combinations. Visualizations further
demonstrate its ability to control specific body parts, adjust
movements within specific intervals, and manipulate multi-
ple body parts via fine-grained textual descriptions.
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