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Abstract We address the challenging problem of fine-

grained text-driven human motion generation. Exist-

ing works generate imprecise motions that fail to ac-

curately capture relationships specified in text due to:

(1) lack of effective text parsing for detailed semantic

cues regarding body parts, (2) not fully modeling lin-

guistic structures between words to comprehend text

comprehensively. To tackle these limitations, we pro-

pose a novel fine-grained framework Fg-T2M++ that

consists of: (1) an LLMs semantic parsing module to

Yin Wang
State Key Laboratory of Virtual Reality Technology and Sys-
tems, Beihang University, Beijing, China
E-mail: wang yin@buaa.edu.cn

Mu Li
State Key Laboratory of Virtual Reality Technology and Sys-
tems, Beihang University, Beijing, China
E-mail: limu@buaa.edu.cn

Jiapeng Liu
State Key Laboratory of Virtual Reality Technology and Sys-
tems, Beihang University, Beijing, China
E-mail: zy2306414@buaa.edu.cn

Zhiying Leng
State Key Laboratory of Virtual Reality Technology and Sys-
tems, Beihang University, Beijing, China
E-mail: zhiyingleng@buaa.edu.cn

Frederick W. B. Li
Department of Computer Science, University of Durham, U.K
E-mail: frederick.li@durham.ac.uk

Ziyao Zhang
State Key Laboratory of Virtual Reality Technology and Sys-
tems, Beihang University, Beijing, China
E-mail: 20373042@buaa.edu.cn

Xiaohui Liang (BCorresponding author)
State Key Laboratory of Virtual Reality Technology and Sys-
tems, Beihang University, Beijing, China
Zhongguancun Laboratory, Beijing, China
E-mail: liang xiaohui@buaa.edu.cn

extract body part descriptions and semantics from text,

(2) a hyperbolic text representation module to encode re-

lational information between text units by embedding

the syntactic dependency graph into hyperbolic space,

and (3) a multi-modal fusion module to hierarchically

fuse text and motion features. Extensive experiments

on HumanML3D and KIT-ML datasets demonstrate

that Fg-T2M++ outperforms SOTA methods, validat-

ing its ability to accurately generate motions adhering

to comprehensive text semantics.

Keywords Text Driven Motion Generation · Human

Motion · Diffusion Model · Large Language Model

1 Introduction

Human motion generation is a pivotal but challenging

task in computer vision with applications in animation,

AR/VR, gaming etc. While existing works utilize di-

verse multimodal inputs such as music (Kao and Su,

2020; Li et al., 2021; Ren et al., 2020; Starke et al.,

2022; Tseng et al., 2023), motion categories (Guo et al.,

2020; Petrovich et al., 2021; Cervantes et al., 2022; Guo

et al., 2022c) and trajectories (Karunratanakul et al.,

2023; Shafir et al., 2023; Wan et al., 2023), collect-

ing and annotating such data requires substantial ex-

pertise. Recently, text-driven human motion generation

(T2M) has emerged as a promising research direction,

which generates motions represented by 3D joint posi-

tions or rotations (Guo et al., 2022a; Petrovich et al.,

2022; Tevet et al., 2023; Chen et al., 2023; Zhang et al.,

2024a). T2M holds potential for intuitive motion con-

trol through semantics-rich text inputs. However, key

challenges remain in parsing intricate spatiotemporal

relationships between body parts from descriptions and
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Fig. 1: Our Fg-T2M++ excels in generating high-quality and diverse motion sequences, capturing fine-grained

details embedded in the text prompts.

mapping diverse linguistic expressions to realistic mo-

tions. While promising an accessible interface, address-

ing these issues is non-trivial. Advances in T2M could

unlock applications from animation to assistive tech-

nologies through natural guidance.

Three main approaches are proposed to address

text-driven human motion generation: (1) Latent space

alignment methods, such as JL2P (Ahuja and Morency,

2019) and TEMOS (Petrovich et al., 2022), aim to learn

a shared latent space between text and motion rep-

resentations by directly integrating their embeddings.

However, this integration can potentially lead to the

loss of modality-specific information. (2) Conditional
autoregressive models generate motion tokens sequen-

tially, conditioned on previous tokens and text. Pio-

neering works like TM2T (Guo et al., 2022b) employ

vector quantized VAEs to decode motion tokens from

discrete representations learned from data, while T2M-

GPT (Zhang et al., 2023a) enhances this with tech-

niques such as exponential moving average and code

resetting for more natural generation. Despite their

strengths in capturing temporal dependencies, these

methods rely on unidirectional and sequential predic-

tion, which can impact the quality of motion genera-

tion due to cumulative errors. (3) Conditional diffusion

models, including MotionDiffuse (Zhang et al., 2024a)

and MDM (Tevet et al., 2023), adopt diffusion frame-

works to probabilistically map text to motion via de-

noising training objectives, achieving promising perfor-

mance. The condition plays a crucial role in guiding

the denoising process. However, current methods often

lack refinement in handling these conditions. Firstly,

the exploration of additional auxiliary information is

insufficient because datasets like HumanML3D (Guo

et al., 2022a) and KIT-ML (Plappert et al., 2016) of-

fer only coarse descriptions without fine-grained part-

level annotations. Secondly, the extraction and fusion

of conditional features are inadequate; current meth-

ods typically extract compact sentence representations

from text, failing to fully utilize rich information within

words. This limitation can result in generated motions

deviating from the original text meaning when simply

concatenating sentence-motion vectors.

Existing text-to-motion methods struggle with gen-

erating whole-body motions for unseen text, as full

motion may lie outside the training distribution, yet

individual body part motions still fall within it. We

address this by hypothesizing decomposition of whole-

body generation into combinable sub-joint motions of

multiple parts facilitates easier modeling. Also, natural

language semantically encodes actions through parts-

of-speech and syntactically relates words through gram-

matical structures. To capture fine-grained linguistic

details, we propose analyzing individual body part mo-

tions specified by words, considering their syntactic

roles and relationships. Based on these insights, we in-

troduce the novel framework Fg-T2M++ (Figure 1),

leveraging part-level and word-level natural language

descriptions to generate precise motions conditioned

on text prompts. This approach decomposes generation

and deeply analyzes textual details, aiming to overcome

limitations in generating whole-body and fine-grained

motions.

Fg-T2M++ comprises three integrated components

for fine-grained language-guided motion generation,

each serving distinct purposes. First, our LLMs Se-
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mantic Parsing (LSP) module uses large language mod-

els to extract detailed semantic descriptions from text

prompts. It parses the text into annotations of individ-

ual body part motions and their relationships through

deep linguistic analysis of semantic roles between parts

of speech (e.g., nouns, adjectives) and motions. This

fine-grained parsing maps individual textual elements

to joint movements, allowing for the understanding of

complex language beyond prior methods that relied on

shallow encodings. Second, the Hyperbolic Text Repre-

sentation (HTP) module focuses on encoding the syn-

tactic structure of text prompts by constructing a de-

pendency parse tree and embedding it in hyperbolic

space. Hyperbolic geometry intrinsically preserves hier-

archies with low distortion (Yang et al., 2022), enabling

HTP to capture hierarchical relationships more effec-

tively than Euclidean models. Third, to achieve a fine-

grained fusion of multimodal information, our Multi-

Modal Fusion (MMF) module hierarchically fuses out-

puts from the HTP and LSP modules at both global

and local levels. It combines global and local features to

learn comprehensive text-motion mappings. This multi-

scale fusion of syntactic and semantic information pro-

vides a comprehensive understanding of text-motion

mappings not achieved by prior global or local mod-

eling alone. By integrating linguistically-informed pars-

ing, hyperbolic syntactic modeling, and hierarchical se-

mantic fusion, Fg-T2M++ captures fine-grained text-

motion correlations in a technically advanced yet con-

cise manner compared to prior works.

While our previous work, Fg-T2M, in ICCV 2023

(Wang et al., 2023), made progress in text-driven mo-

tion generation, it was incapable of addressing the

novel research problems associated with capturing fine-

grained motion details specified in text. This limita-

tion arose from its coarse-grained modeling of syntac-

tic relationships without a detailed analysis of text

prompts. To address this, we propose Fg-T2M++ with

novel technical contributions - LLMs Semantic Pars-

ing to extract body part-level semantics from text, hy-

perbolic text representation module encoding hierarchi-

cal dependency graphs in hyperbolic space, and multi-

modal fusion performing multi-level fusion within a

conditional diffusion framework. This design further ex-

tends Fg-T2M’s capabilities for fine-grained tasks. Ex-

tensive evaluation demonstrates the effectiveness of Fg-

T2M++ over Fg-T2M, achieving a significantly lower

FID of 0.135 versus 0.571 and MM-Dist of 2.696 ver-

sus 3.114 on KIT-ML, validating its ability to generate

motions specified by richer textual details that Fg-T2M

was technically unable to capture. Our main contribu-

tions are:

– We propose an LLMs Semantic Parsing module to

parse text into fine-grained body part representa-

tions and detailed words semantics leveraging large

language models.

– We introduce a Hyperbolic Text Representation

module incorporating dependency parsing and hy-

perbolic graph convolution to embed syntactic trees

in hyperbolic space, exploiting its advantages over

Euclidean space.

– We present a Multi-Modal Fusion module perform-

ing hierarchical fusion of global and local text-

motion relationships within a conditional diffusion

framework through multiple denoising steps.

– We validate Fg-T2M++ on HumanML3D and KIT-

ML datasets, demonstrating SOTA performance

through metrics, and qualitative results revealing

finer motion generation matching text.

2 Related Work

2.1 Text Driven Human Motion Generation

While latent space alignment works such as JL2P

(Ahuja and Morency, 2019) and Ghosh et al. (Ghosh

et al., 2021) achieved progress utilizing joint embed-

dings and hierarchical encoders capturing coarse rela-

tionships, as well as techniques like MotionCLIP (Tevet

et al., 2022) that generates stylized motions by project-

ing into a shared space learned via CLIP (Radford et al.,

2021), TEMOS (Petrovich et al., 2022) combining mo-

tion and text VAEs, and temporal VAE (Guo et al.,

2022a) for sequence generation, their limitation is loss

of fine-grained details when encoding independently.

Autoregressive models such as TM2T (Guo et al.,

2022b), which learns mutual mappings of motion and

tokens via vector quantized VAEs, T2M-GPT (Zhang

et al., 2023a), which enhances performance with EMA

and code resetting, and AttT2M (Zhong et al., 2023)

mapping to refined codes via body part attention, have

achieved progress in representing motion as discrete

tokens. However, the unidirectional nature of autore-

gressive models limits their ability to capture future

context, affecting motion quality. Incorporating bidi-

rectional dependencies could improve this but increase

training and inference costs due to the additional com-

putational complexity involved.

Recent diffusion-based models, such as MotionDif-

fuse (Zhang et al., 2024a), MDM (Tevet et al., 2023),

and FLAME (Kim et al., 2023), have shown promising

performance in T2M tasks by leveraging conditional

diffusion to learn probabilistic text-motion mappings.

Also, MLD (Chen et al., 2023) employs latent diffusion

to enhance efficiency, while ReMoDiffuse (Zhang et al.,
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2023b) incorporates sample retrieval for contextual un-

derstanding. However, they may suffer from a lack of

fidelity in generating motions that precisely align with

conditional inputs, particularly in capturing complex

multi-modal relationships.

Existing methods perform relatively well on coarse-

grained text, such as “a person is walking.” However,

they struggle with fine-grained text that involves com-

plex syntax-kinematic associations, like “a person is

walking with the right hand raising while stumbling

to the left.” Latent space alignment methods can lose

significant feature details during feature projection, of-

ten processing only the common “walking” motion. Au-

toregressive models, due to their unidirectional predic-

tion nature, may overlook subsequent movements like

“stumbling”, leading to motion incoherence. Diffusion-

based models face challenges in feature extraction and

fusion between the denoising sequence and text, which

can result in ignoring finer details such as “right hand

raising” or “stumbling to the left.”

Despite advances in text-to-motion generation, chal-

lenges remain regarding fine-grained modeling. The

sparsity of current datasets limits learning precise tex-

tual cue-motion correspondences. Insufficient use of lin-

guistic cues also restricts comprehending fine-grained

semantics from prompts. Addressing these issues, we

created detailed annotations of different body parts’

actions and words explanations, enabling more intri-

cate understanding of part-specific details. Further-

more, leveraging linguistic structures assists semantic

parsing of prompts. This enables our model to gener-

ate human motions closely aligned with the semantic

content of input text, exhibiting realistic movements.

2.2 LLMs-Assisted Motion Generation

While large language models such as BERT (Devlin

et al., 2018), GPT-4 (Achiam et al., 2023) and T5

(Raffel et al., 2020) have demonstrated strong capa-

bilities in language tasks as evidenced by their human-

level performance in certain domains (Gilardi et al.,

2023), their application to human motion generation

has strengths and limitations. Recent works including

ActionGPT (Kalakonda et al., 2023), SINC (Athana-

siou et al., 2023), FineMoGen (Zhang et al., 2024b), and

MotionGPT (Jiang et al., 2024) have explored lever-

aging LLMs’ language generation and zero-shot trans-

fer abilities to enrich prompts, identify body parts,

facilitate human-AI interaction, and support various

motion-related tasks. However, directly generating co-

herent human motions from language remains challeng-

ing due to the complex grounding problem between lan-

guage and bodily motion. Their suitability ultimately

depends on how effectively language representations

can condition low-dimensional movement sequences.

Previous works utilizing LLMs have achieved good

results, yet challenges for improving fine-grained analy-

sis and modeling persist. Urgently needed are datasets

with precise, fine-grained text representations that are

sensitive to subtle motion details. To address this, we

introduce the use of LLMs for parsing text prompts at

a fine level to obtain specific descriptions of individual

body parts. We also provide detailed explanations of

nouns, adjectives, and adverbs in sentences to address

challenging vocabulary in complex texts. By training

models with these fine-grained linguistic details regard-

ing all body parts and words, we can generate high-

fidelity, fine-level human motion sequences.

3 Preliminaries

3.1 Diffusion Model

Our Fg-T2M++ model for fine-grained text-to-motion

generation is based on the diffusion probabilistic frame-

work. As described in prior work (Ho et al. (2020)), dif-

fusion models comprise a forward noise injection pro-

cess and reverse conditional generation process. In the

forward process, a clean target motion sequence x0 is

gradually corrupted with added Gaussian noise to pro-

duce a simple Gaussian distribution. This defines an

auto-encoding formulation.

Crucially, in the reverse process, noise is removed

from the corrupted motion sequence x1, ..., xT in a

conditional manner given natural language text c. We

model this conditional generation as:

pθ(x0:T |c) = p(xT )

T∏
t=1

pθ(xt−1|xt, c) (1)

By conditioning each step of the diffusion poste-

rior on both the motion context and linguistic input c,

our Fg-T2M++ model can progressively generate fine-

grained target motions aligned precisely with the text

description. This principled diffusion formulation un-

derpins our ability to capture rich, detailed language-

motion mappings.

3.2 Hyperbolic Graph Convolution

Hyperbolic space Hn is a non-Euclidean space with

constant negative curvature, represented as an n-

dimensional Riemannian manifold. Among models like

the Poincaré ball, Lorentz, and Klein models, we use

the Poincaré ball model Bn
c = {x ∈ Rn | ∥x∥2 < r2} for
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Fig. 2: Overview of Fg-T2M++: Given a text prompt c, the reverse denoising process of the diffusion model

starts from noisy motion data XT and produces clean motion data X0. Initially, the text prompt undergoes LLMs

semantic parsing to generate LLMs-parsed fine-grained descriptions. Then, both the text prompt and its parsed

descriptions are input into the hyperbolic text representation module, which captures precise representations of

text features. Finally, the noisy motion data Xt, along with the two fine-grained text features, are fed into the

multi-modal fusion module to obtain the clean motion data Xt−1.

its geometric property preservation. Here, c is the cur-

vature, while r = 1√
c

defines the radius. The variable

x denotes a position within the Poincaré ball, serving

as the text embedding vector in our T2M generation

model.

The Poincaré ball has Riemannian metric gHx =

(λc
x)2gE conformal to the Euclidean metric gE with

λc
x = 2

1−||x||2 . This exponential shrinks distances to-

wards the boundary, allowing hierarchical structures to

be represented with a large branching factor.

We employ the exponential map Expx : τxH → H

and its inverse, the logarithmic map Logx, to project

points between the hyperbolic Poincaré ball and Eu-

clidean space, where τxH refers to the tangent space

at a point x in the hyperbolic space H. This enables

us to embed syntactic trees extracted from text as

hyperbolic graphs. Hyperbolic space is well-suited for

such hierarchical data due to its ability to model low-

dimensional structures with minimal distortion com-

pared to Euclidean counterparts (Nickel and Kiela,

2017; Leng et al., 2023). For linguistic trees in our task,

it thus provides a more suitable geometric domain.

Hyperbolic Graph Convolution (HGC) provides a

powerful way to learn representations of hierarchical

graph-structured data like syntactic trees in our task.

HGC generalizes graph convolutional operations to hy-

perbolic space by projecting node features from the am-

bient Euclidean space to the Poincaré ball using the

exponential map Exp(·) (Liu et al., 2019). It then ap-

plies the Möbius layer operations ⊗ and ⊕ to trans-

form features while preserving distances between em-

bedded points (Kochurov et al., 2020). Neighborhood

aggregation is performed via hyperbolic pooling func-

tions FH to combine neighboring node representations

(Liu et al., 2019). Finally, the hyperbolic activation σH

introduces non-linearities by alternating between Rie-

mannian and Euclidean spaces. Compared to Euclidean

GNNs, HGC’s ability to scale vectors proportional to

their hyperbolic distance allows better embedding of

trees with minimal distortion. This makes it critical for

modeling syntactic dependencies in our text using hy-

perbolic graph embeddings G = (ν, ξ), where ν denotes

all the nodes, specifically referring to each word in a

sentence, and ξ represents all the edges, specifically in-

dicating the syntactic relationships between each pair

of words. HGC thus provides a powerful way to learn

task-specific representations of our hierarchical input

data.

4 Methodology

Given a text prompt, W = {w1, w2, . . . , wN}, W ∈
RN×L where N represents the number of words and

L is the dimension of word vector. Our goal is to

generate a human motion sequence, denoted as M =



6 Yin Wang et al.

Fig. 3: The prompt of strategy and example for LLMs Semantic Parsing.

{m1,m2, . . .mS}, where M ∈ RS×D. Here, S refers to

the motion sequence length and D is the pose represen-

tation dimension. To achieve this, we present a diffusion

model-based framework, Fg-T2M++, for fine-grained

and high-fidelity text-driven motion generation. In the

following sections, we provide: an overview of our mo-

tion generation approach in Section 4.1; introduction to

the LLMs Semantic Parsing in Section 4.2; the Hyper-

bolic Text Representation Module in Section 4.3; and

the Multi-Modal Fusion Module in Section 4.4.

4.1 Motion Generation via Diffusion Models

Our Fg-T2M++ approach generates fine-grained mo-

tions conditioned on natural language using a diffusion

probabilistic model. As shown in Figure 2, we sample

random noise and input it to the diffusion model along

with timestep T and text condition c. The model it-

erates backwards from XT to X0, removing noise at

each step. Crucially, at each denoising step the text is

first parsed by LLMs into fine-grained part-level de-

scriptions. The HTP module then encodes the text us-

ing a hyperbolic linguistics tree representation. Finally,

the MMF module collaboratively reasons over the noisy

motion and rich text encodings to acquire the clean mo-

tion embedding.

We employ classifier-free diffusion guidance (Ho and

Salimans, 2022) to scale conditional and unconditional

distributions as:

ϵ = sϵθ(xt, t, c) + (1 − s)ϵθ(xt, t,∅) (2)

where guidance scale s controls the text conditioning.

Our objective predicts the clean state X0 by minimiz-

ing the L2 loss between predicted and ground truth mo-

tions, enabling Fg-T2M++ to learn high-quality gener-

ation via:

L = E[∥ x0 − ϵθ(xt, t, c) ∥22] (3)

where ϵθ(xt, t, c) denotes the model predict output.

This diffusion formulation empowers our approach for

the challenging task.

4.2 LLMs Semantic Parsing

Existing datasets provide rich motion data but have

coarse text prompts limited to brief action descriptions

like “a person is jumping” (Plappert et al., 2016; Guo
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et al., 2022a), which may overlook fine-grained informa-

tion of other body parts, such as hand waving details.

The absence of such detailed descriptions significantly

hinders fine-grained motion generation. Prior work en-

codes only high-level semantics from coarse prompts us-

ing shallow representations. As a result, generated mo-

tions do not precisely match detailed language specifi-

cations, such as coordinated part-level movements over

time. We aim to synthesize motion from fine-grained

natural language descriptors. However, current meth-

ods cannot comprehend such rich descriptions.

Large language models have advanced NLP through

powerful modeling, e.g. OpenAI’s GPT (Achiam et al.,

2023). Our LLMs Semantic Parsing approach lever-

ages this by parsing prompts into annotations of part

motions and semantics (e.g. nouns, adjectives, ad-

verbs, etc.). This fine-grained parsing captures speci-

fications enabling intricate linguistic-kinematic model-

ing. It closes the gap between coarse data and our goal

of animating complex language descriptions through

state-of-the-art techniques.

Our approach utilizes strong priors from LLMs like

GPT-3.5 to precisely capture relationships between nat-

ural language and human motion at a fine-grained level.

For the given text, we perform dual parsing of action

and semantics. To parse action, we represent the human

skeleton from SMPL (Loper et al., 2023) and MMM

(Terlemez et al., 2014) as six main body parts - left arm,

right arm, left leg, right leg, head, and torso. Leveraging

GPT’s understanding of language and motion knowl-

edge, we split whole-body movements described in the

text into sub-joint motions of individual parts. Inspired

by ActionGPT (Kalakonda et al., 2023) and GraphMo-

tion (Jin et al., 2024), verbs are further clarified due to

their decisive role in sentences.

We also parse semantics by focusing on parts of

speech like nouns, adjectives, adverbs, quantifiers, and

conjunctions, which convey richer meanings than other

words. For instance, we interpret how adjectives and

adverbs modify specific joints and how conjunctions

connect actions. In total, each prompt undergoes 15

sub-analyses providing comprehensive parsing of both

action and semantics. As Figure 3 illustrates, this dual

fine-grained strategy allows comprehending motion se-

quence details at a granular level from the text.

4.3 Hyperbolic Text Representation

Prior work in language-guided motion generation en-

codes text directly using Transformers (Vaswani et al.,

2017; Zhang et al., 2024a; Tevet et al., 2023; Chen

et al., 2023). While capturing high-level semantics, this

approach struggles to model the fine-grained details

Fig. 4: Architecture of HTP. a): the process of text-

tree structural construction by dependency analysis. b):

the process of hyperbolic graph convolution in the hy-

perbolic space to grasp the texts’ precise features. c):

the process of cross-perception module to make full use

of the LLMs-parsed fine-grained descriptions.

needed to comprehend language fully. However, text

inherently contains a rich hierarchical structure, with

word interconnections providing contextual information

beyond standalone semantics. This structural informa-

tion is not sufficiently utilized by existing methods. To

address this, we propose the Hyperbolic Text Represen-

tation Module (HTP) to leverage the inherent syntactic

structure of language prompts. HTP extracts and uti-

lizes this structural knowledge via components like text-

tree construction and hyperbolic graph networks. By

incorporating the additional contextual cues provided

by linguistic structure, HTP facilitates improved com-

prehension over prior semantic encoding-focused ap-

proaches. It aims to generate motion more precisely

synchronized to prompt specifications.

Text-Tree Structural Construction. We leverage

dependency parsing to identify syntactic relationships

between phrases and address issues in prior work. De-

pendency parsing analyzes parts of speech and depen-

dencies between words using spaCy, an NLP library for

text processing functions like syntactic parsing (Hon-

nibal and Montani, 2017). For a given prompt, depen-

dency parsing establishes a text relationship tree where

each word is a node and dependencies form connecting

edges (Figure 4a). This tree serves as the initialization

for a graph, providing prior knowledge of its topological

structure compared to methods lacking syntactic con-

text modeling. The tree represents phrases and their

interdependencies more comprehensively than isolated

words. This fine-grained structural information facili-

tates a deeper understanding of the text beyond sin-

gular semantics. By constructing linguistic trees from

prompts, we aim to generate motion sequences synchro-

nized more precisely to language descriptions.

Hyperbolic Graph Convolution. HGC is well-

suited for processing tree-structured linguistic data in

hyperbolic versus Euclidean space, as hyperbolic geom-
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etry preserves local structure with low distortion (Yang

et al., 2022). We construct a graph from the dependency

parsed text tree, where words are nodes and dependen-

cies are directed edges. Text embeddings WE extracted

from CLIP (Radford et al., 2021) and edge relationships

ξ are combined to construct the graph GE = {WE , ξ},

where E represents Euclidean space. This graph is pro-

jected into the Poincaré ball hyperbolic model via the

exponential function Exp: GH = Exp(GE), where H

represents hyperbolic space.

Within this hyperbolic manifold, stacked HGC lay-

ers process the graph through Möbius calculus and hy-

perbolic nonlinear activations σH. This updates node

features to capture hierarchical structure (Figure 4b).

Features are then projected back to Euclidean space

using the inverse exponential function Log:

Wh = Log(σH(Möbius(Exp(WE)))) (4)

By applying HGC to model the linguistic structure,

we obtain text encodings informed by both dependen-

cies and syntax contexts.

Cross-Perception Module. In the parsing phase,

our LLMs-Augmented approach precisely captures

movement and linguistic details from prompts, allow-

ing deep understanding. For parsed sentences, we use

CLIP to obtain initial encodings and enhance them by

passing through a Transformer layer, obtaining Wl. For

full text prompts, our HGC captures structural seman-

tics at multiple levels, outputting encodings. These are

also enhanced by a Transformer layer, resulting in Wt.

The Cross-Perception Module aims to enhance text

representations by modeling relationships between the

parsed and text prompts encodings. As shown in Figure

4c, it applies a multi-stage attention process. Inspired

by efficient attention (Shen et al., 2021), global context

features F are computed using key-value attention over

the concatenated encodings:

F = softmax(Key[Wl;Wt]) ⊗ (Value[Wl;Wt]), (5)

where [·; ·] indicates a concatenation of two tensors.

Cross-attention is then applied using query vectors Ql

and Qt:

Wl = Wl + softmax(QlWl) ⊗ F,

Wt = Wt + softmax(QtWt) ⊗ F.
(6)

The enriched encodings capture multi-level relation-

ships to guide motion generation.

Fig. 5: Illustration of two fusion methods in

MMF. a) multi-modal sentence-level feature fusion

and b) multi-modal word-level feature fusion.

4.4 Multi-Modal Fusion

Existing methods that learn fixed word features strug-

gle to capture high-order semantics (Tevet et al., 2023;

Zhang et al., 2024a, 2023b). However, human sentence

comprehension proceeds hierarchically from coarse to

fine. To better model this, we introduce a coarse-to-

fine structure in our motion diffusion model comprising

two semantic levels: overall and detailed information.

Our proposed Multi-Modal Fusion (MMF) module

aims to iteratively refine the interaction between text

and motion encodings for controlling fine-grained mo-

tion diffusion. As shown in Figure 5, it contains two

parts:

1. Multi-modal sentence-level feature fusion captures

the overall semantic meaning across encoded text

and motion modalities.

2. Multi-modal word-level feature fusion iteratively re-

fines text-motion features through attention to a ref-

erence sequence, given the overall semantic context

computed above.

Within our hierarchical Fg-T2M++ generation

framework, MMF utilizes encoded representations from

the Cross-Perception module. It provides progressively

refined text signals to guide motion diffusion from

coarse to fine-grained details. This hierarchical reason-

ing approach allows better modeling of language at

both global and local levels, addressing challenges in

prior work with fixed encodings.

Multi-Modal Sentence-Level Feature Fusion

aims to combine multi-modal control signals from
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parsed content and text prompts at the overall seman-

tic level. As illustrated in Figure 5a, we first transform

the parsed content into overall features Sl and the text

prompts into sentence features Sp. We then calculate

frame-level attention maps Al and Ap denoting rele-

vance between each motion feature Xt and the sentence

features:

Al = Xt(S
l)T ,Ap = Xt(S

p)T (7)

This captures correspondence between visual mo-

tion and linguistic semantics. The cross-modal motion

features X ′
t are obtained by highlighting channels in Xt

related to both sentences:

X′
t = Xt + λl(Xt ⊙ σ(Al)) + λp(Xt ⊙ σ(Ap)) (8)

where λl and λp terms control contribution and σ is the

sigmoid activation. This fusion operates at the coarse

semantic level to provide context for the following word-

level feature refinement.

Multi-Modal Word-Level Feature Fusion cap-

tures fine-grained text-motion relationships. Inspired

by ReMoDiffuse (Zhang et al., 2023b), it iteratively re-

fines encodings through hybrid attention to a shared

reference sequence. Specifically, at each timestep the

encodings act as Queries while the reference acts

as Keys and Values. We employ a hybrid attention

combining self-attention and cross-attention (Vaswani

et al., 2017) to compute the interaction. This extracts

dependencies between words by relating them to con-

text. Crucially, it operates on complementary LLMs-

parsed and text prompt encodings, enabling informa-

tive exchange. Through iterative hybrid attention re-

finement, the module provides control signals captur-

ing detailed semantic associations to guide high-fidelity

generation of motion sequences conditioned on natural

language description.

This fusion component aims to capture cross-modal

relationships via iterative refinement of text-motion

representations guided by contextual relationships ex-

tracted using hybrid attention computations. We first

obtain sentence-level features Sl and St encoding over-

all semantics of the LLMs and text prompt inputs,

respectively. Reference representations Rl and Rt are

then generated from Sl and St using trainable projec-

tion matrices Ml and Mt:

Rl = MlSl, Rt = MtSt (9)

We concatenate word features Wl, Wt with their

respective references Rt, Rl and motion features X′
t to

compute unified Keys and Values for hybrid atten-

tion. This models their mutual influence through cross-

attending references:

Value = [VmX′
t;V

l[Wl;Rt];Vt[Wt;Rl]],

Key = [KmX′
t;K

l[Wl;Rt];Kt[Wt;Rl]]
(10)

where Vm,Vl,Vt,Km,Kl,Kt denote trainable matri-

ces. Global templates G extracted via softmax atten-

tion enable iterative refinement of text-motion repre-

sentations:

G = softmax(Key)Value (11)

Additionally, we generate a query vector at each

refinement iteration to learn contextual relationships

from the global template. Specifically, the motion en-

coding X′
t serves as input to produce the query vector

via a trainable projection matrix Qm:

Query = QmX′
t (12)

This query vector attends to the global template G,

which encapsulates dependencies across text and mo-

tion representations inferred through iterative compu-

tations of hybrid attention over inputs from the two

modalities.

Y = softmax(Query)G (13)

where Y ∈ RS×D gives the updated output.

By repeatedly refining encodings through extract-

ing contextual relationships from G, our model incre-

mentally fuses hierarchical semantics between modali-

ties. This enables better comprehension of textual con-

tent by grounding precise or subtle motion details in

word-level semantics, enhancing performance on tasks

involving understanding text through reference to im-

plied motion concepts.

5 Experiments

5.1 Experimental Settings

Dataset. There exist some datasets for conditional

generation, such as those proposed in (Plappert et al.,

2016; Guo et al., 2022a, 2020; Punnakkal et al., 2021).

However, datasets like (Punnakkal et al., 2021) and

(Guo et al., 2020), based on action categories, can-

not provide complete textual sentences, making it

unsuitable for analyzing the intrinsic connections of

sentence structure for our method. Instead, we use

the datasets, particularly the HumanML3D dataset

(Guo et al., 2022a) and the KIT-ML Motion-Language

dataset (Plappert et al., 2016) for experiments. The
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Methods Publication
R Precision↑

FID↓ MultiModal Dist↓ Diversity↑ MultiModality↑
Top 1 Top 2 Top 3

TEMOS (Petrovich et al., 2022) ECCV 0.424±.002 0.612±.002 0.722±.002 3.734±.028 3.703±.008 8.973±.071 0.368±.018

MDM (Tevet et al., 2023) ICLR 0.320±.005 0.498±.004 0.611±.007 0.544±.044 5.566±.027 9.559±.086 2.799±.072

MotionDiffuse (Zhang et al., 2024a) TPAMI 0.491±.001 0.681±.001 0.782±.001 0.630±.001 3.113±.001 9.410±.049 1.553±.042

Temporal VAE (Guo et al., 2022a) CVPR 0.455±.003 0.636±.003 0.740±.003 1.067±.002 3.340±.008 9.188±.002 2.090±.083

MLD (Chen et al., 2023) CVPR 0.481±.003 0.673±.003 0.772±.002 0.473±.013 3.196±.010 9.724±.082 2.413±.079

T2M-GPT (Zhang et al., 2023a) CVPR 0.491±.003 0.680±.003 0.775±.002 0.116±.004 3.118±.011 9.761±.081 1.856±.011

MotionGPT (Jiang et al., 2024) NeurIPS 0.492±.003 0.681±.003 0.778±.002 0.232±.008 3.096±.008 9.528±.071 2.008±.084

GraphMotion (Jin et al., 2024) NeurIPS 0.504±.003 0.699±.002 0.785±.002 0.116±.007 3.070±.008 9.692±.067 2.766±.096

FineMoGen (Zhang et al., 2024b) NeurIPS 0.504±.002 0.690±.002 0.784±.002 0.151±.008 2.998±.008 9.263±.094 2.696±.079

Att-T2M (Zhong et al., 2023) ICCV 0.499±.003 0.690±.002 0.786±.002 0.112±.006 3.038±.007 9.700±.090 2.452±.051

ReMoDiffuse (Zhang et al., 2023b) ICCV 0.510±.005 0.698±.006 0.795±.004 0.103±.004 2.974±.016 9.018±.075 1.795±.043

Fg-T2M (Wang et al., 2023) ICCV 0.492±.002 0.683±.003 0.783±.002 0.243±.019 3.109±.007 9.278±.072 1.614±.049

Fg-T2M++ - 0.513±.002 0.702±.002 0.801±.003 0.089±.004 2.925±.007 9.223±.114 2.625±.084

Table 1: Quantitative evaluation on the HumanML3D (Guo et al., 2022a) test set. We run all the

evaluation 20 times and ± indicates the 95% confidence interval. Red indicates the best result.

Methods Publication
R Precision↑

FID↓ MultiModal Dist↓ Diversity↑ MultiModality↑
Top 1 Top 2 Top 3

TEMOS (Petrovich et al., 2022) ECCV 0.353±.006 0.561±.007 0.687±.005 3.717±.051 3.417±.019 10.84±.100 0.532±.034

MDM (Tevet et al., 2023) ICLR 0.164±.004 0.291±.004 0.396±.004 0.497±.021 9.190±.022 10.85±.109 1.907±.214

MotionDiffuse (Zhang et al., 2024a) TPAMI 0.417±.004 0.621±.004 0.739±.004 1.954±.062 2.958±.005 11.10±.143 0.730±.013

Temporal VAE (Guo et al., 2022a) CVPR 0.361±.006 0.559±.007 0.693±.007 2.770±.109 3.401±.008 10.91±.119 1.482±.065

MLD (Chen et al., 2023) CVPR 0.390±.008 0.609±.008 0.734±.007 0.404±.027 3.204±.027 10.80±.117 2.192±.071

T2M-GPT (Zhang et al., 2023a) CVPR 0.416±.006 0.627±.006 0.745±.006 0.514±.029 3.007±.023 10.92±.108 1.570±.039

MotionGPT (Jiang et al., 2024) NeurIPS 0.366±.005 0.558±.004 0.680±.005 0.510±.016 3.527±.021 10.35±.084 2.328±.117

GraphMotion (Jin et al., 2024) NeurIPS 0.429±.007 0.648±.006 0.769±.006 0.313±.013 3.076±.022 11.12±.135 3.627±.113

FineMoGen (Zhang et al., 2024b) NeurIPS 0.432±.006 0.649±.005 0.772±.006 0.178±.007 2.869±.014 10.85±.115 1.877±.093

Att-T2M (Zhong et al., 2023) ICCV 0.413±.006 0.632±.006 0.751±.006 0.870±.039 3.039±.021 10.96±.123 2.281±.047

ReMoDiffuse (Zhang et al., 2023b) ICCV 0.427±.014 0.641±.004 0.765±.055 0.155±.006 2.814±.012 10.80±.105 1.239±.028

Fg-T2M (Wang et al., 2023) ICCV 0.418±.005 0.626±.004 0.745±.004 0.571±.047 3.114±.015 10.93±.083 1.019±.029

Fg-T2M++ - 0.442±.006 0.657±.005 0.781±.004 0.135±.004 2.696±.011 10.99±.105 1.255±.078

Table 2: Quantitative evaluation on the KIT-ML (Plappert et al., 2016) test set.

HumanML3D dataset (Guo et al., 2022a) is a combi-

nation of HumanAct12 (Guo et al., 2020) and AMASS

(Mahmood et al., 2019) datasets, each motion described

by 3 text scripts, with an average length of about 12

words. The HumanML3D dataset (Guo et al., 2022a)

includes 14616 motions and 44970 text descriptions, in-

volving various human activities such as daily activi-

ties, sports, acrobatics, etc., with a total duration of

approximately 28.59 hours. The KIT Motion-Language

dataset (Plappert et al., 2016) provides a smaller-scale

evaluation benchmark, with each motion sequence ac-

companied by one to four sentences, averaging 8 words

in description length. The KIT-ML dataset (Plappert

et al., 2016) consists of 3911 motion sequences and 6353

natural language descriptions, totaling approximately

10.33 hours.

Evaluation Metrics. Following the evaluation met-

rics (Guo et al., 2022a). (1) R-Precision (R-TOP). For

each inferred text-motion pair, 31 unmatched descrip-

tions are randomly selected from the test set. The aver-

age top-k precision is obtained by calculating and rank-

ing the Euclidean distance between the motion and each

of the 32 descriptions. (2) Frechet Inception Distance

(FID). FID measures the similarity between the fea-

ture distributions extracted from the generated motions

and the ground truth motions. (3) MultiModal Distance

(MM-Dist). For a given description, the multimodal dis-

tance between the textual features and the correspond-

ing generated motion features is calculated. (4) Diver-

sity. Diversity evaluates the dissimilarity among all gen-

erated motions across all descriptions by calculating the

average pairwise Euclidean distance between randomly

partitioned groups of motions. (5) Multimodality. For

a given text description, 32 motion sequences are ran-

domly generated, and multimodality quantifies the dis-

similarity among these generated motion sequences. We

primarily focus on R-Precision and FID as key perfor-

mance indicators, as they are important metrics for as-

sessing the overall quality of generated motions.

Implementation Details. Regarding the motion

encoder, we employ a 4-layer transformer with a la-

tent dimension of 512. As for the text encoder, a frozen

text encoder from CLIP ViT-B/32 is utilized, comple-

mented by two additional transformer encoder layers.

In terms of the diffusion model, the variances βt are

predefined to linearly spread from 0.0001 to 0.02, and

the total number of noising steps is set at T = 1000.

We use the Adam optimizer to train the model with an

initial learning rate of 0.0002, gradually decreasing to

0.00002 through a cosine learning rate scheduler. The

training process is conducted on 4 NVIDIA GeForce

RTX 3090, with a batch size of 256 on a single GPU.

For pose representation D, we follow Guo et al. (Guo

et al., 2022a). The pose states contain seven different

parts: (rva, rvx, rvz, rh, jp, jv, jr). Here rva ∈ R is the

root joint‘s angular velocity along the Y-axis, rvx, rvz ∈
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Fig. 6: Fine-Grained Evaluation Experiment Results. a) Evaluation of MM-Dist based on different num-

bers of fine-grained POSs on KIT-ML datasets (Plappert et al., 2016), where lower MM-Dist indicates better

performance. The range from 0-25% to 75-100% signifies increasing difficulty levels. b) User study results on Hu-

manML3D datasets (Guo et al., 2022a). The light blue bars on the left indicate the average voting rankings for

each method, with lower rankings being better. The dark blue bars on the right represent the preference rate of

Fg-T2M++ compared to other models, with higher values being better.

R are the root joint‘s linear velocities along the X-axes

and Z-axes, respectively. rh ∈ R is the height of the

root height. jp, jv ∈ RJ×3 are the positions and linear

velocities of each joints. jr ∈ RJ×6 is the 6D rotation

of each joint. J represents the number of joints, which

are 22 in HumanML3D dataset (Guo et al., 2022a) and

21 in KIT-ML dataset (Plappert et al., 2016).

5.2 Comparison with the State of the Art

We compared our method with state-of-the-art (SOTA)

models (Petrovich et al., 2022; Guo et al., 2022a; Zhang

et al., 2024a; Tevet et al., 2023; Chen et al., 2023;

Zhang et al., 2023a; Jiang et al., 2024; Jin et al., 2024;

Zhang et al., 2024b; Zhong et al., 2023; Zhang et al.,

2023b; Wang et al., 2023). Quantitative comparisons

of our method with these models on the HumanML3D

(Guo et al., 2022a) and KIT-ML (Plappert et al., 2016)

datasets are shown in Table 1 and 2, respectively.

Compared to other methods, Fg-T2M++ achieves

significantly higher scores in R-TOP, FID, and MM-

Dist. These results highlight our method’s proficiency

in generating high-quality motion sequences that seam-

lessly align with the intended meanings of the pro-

vided textual prompts. Compared to SOTAs, our ap-

proach demonstrates superior performance across ac-

curacy metrics, including R-TOP, FID, and MM-Dist.

Notably, when compared to ReMoDiffuse (Zhang et al.,

2023b), which employs a motion retrieval-augmented

generation method aimed at matching ground truth

motion distributions, our Fg-T2M++ stands out. This

is attributed to our innovative approach, leveraging a

sentence analysis module and LLMs parsing, which en-

Amount
of POS

Sample Prompts

Tail - A person does a jumping jack.
0-25% - The person runs forward fast.

Tail - A man jogs and stops.
25-50% - The person kicked with left leg.

Tail
50-75%

- A man bends to his left several times while
stretching his right arm over his head.
- The person runs to their left then curves to
the right and continues to run then stops.

Tail
75-100%

- A person jumps and brings both arms
above his head as he spread his legs and then
moves them back into the original position.
- The man takes a step and picks up 3 things
takes a few more steps and places one thing
on the table then turns around to head back.

Table 3: Sample prompts showcasing different amount

of fine-grained part-of-speech within the descriptions.

ables generated motions to better align with textual

prompts. Remarkably, even without additional ground

truth motion priors, Fg-T2M++ consistently outper-

forms competitors across all precision metrics.

In terms of diversity metrics such as MultiModal-

ity and Diversity, the fine-grained guidance provided by

our LLMs-parsed model tends to prioritize strict adher-

ence to textual semantics. While this results in slightly

weaker performance on diversity metrics, it ensures that

generated motions align closely with expected textual

prompts. It is important to note that prioritizing ac-

curacy metrics strengthens the persuasiveness of our

approach. After all, if generated motions fail to align

with expected results, diversity metrics lose their sig-
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nificance. Overall, our method demonstrates advanced

experimental results and showcases the robustness of

our model’s performance across both datasets.

Note that when applied to general measurement

methods for T2M generation, the commonly used met-

rics may appear moderate. This is because, when com-

pared to real data, state-of-the-art methods achieved

close scores. Hence, these metrics might not provide

precise assessments, especially for more challenging

complex text conditions in the generation process. In

response, we specifically conducted fine-grained eval-

uation experiments under complex textual conditions,

which we will delve into in the next section.

5.3 Fine-Grained Evaluation Experiments

We designed two evaluation experiments to assess our

model’s fine-grained adaptability. The first is the quan-

titative experiments under fine-grained text conditions.

As for fine-grained texts, we rank the data according

to fine-grained part-of-speech (POS) counts of “adjec-

tives,” “adverbs,” “conjunctions,” and “quantifiers” in

sentences. We categorize all samples by ranking POS

counts in ascending order, dividing the data into 0-25%,

25-50%, 50-75%, and 75-100%, from lower to higher

counts. We offer two examples for each data range

to better illustrate the complexity across various fine-

grained parts of speech ranges, as depicted in Table 3.

With higher Tail percentages, textual prompts transi-

tion from simple action sentences to complex structures

containing multiple parts of speech. This evolution

demands that generated motions become more fine-

grained and challenging. Compared to (Zhang et al.,

2023b, 2024b; Wang et al., 2023), our method outper-

forms the current SOTA methods, as shown in Figure

6a. Our method still maintains a better performance

even though there are abundant fine-grained words in

the 50-75% and 75-100% splits, indicating a better abil-

ity to capture fine-grained details.

The second part involved a user study, where we

conducted comparisons with FineMoGen (Zhang et al.,

2024b), ReMoDiffuse (Zhang et al., 2023b), and MDM

(Tevet et al., 2023). We collected average voting ranks

and user preferences to validate our earlier findings.

This user study engaged 30 participants, who evaluated

15 motions generated by each method, aiming to gather

comparative feedback on the question “Which method

performs better in fine-grained motion modeling?”. The

statistical data from the user study is presented in

Figure 6b. Our FG-T2M++ achieved the best voting

ranking and demonstrated superior performance in pre-

ferred voting percentage compared to SOTA methods.

Methods
R Precision ↑

FID↓ MM-Dist↓
R-TOP1 R-TOP2 R-TOP3

Fg-T2M 0.418±.005 0.626±.004 0.745±.004 0.571±.047 3.114±.015

Component Analysis of LLMs Semantic Parsing
Only Text Prompt 0.430±.005 0.641±.003 0.761±.006 0.344±.021 2.757±.028

+ Word Semantic Parsing (n1-conj) 0.439±.010 0.649±.010 0.773±.014 0.259±.088 2.735±.013

+ Action Body Parsing (v1-v7) 0.442±.006 0.657±.005 0.781±.004 0.135±.004 2.696±.011

Component Analysis of Hyperbolic Text Representation Module
Standard Transformer 0.410±.007 0.611±.004 0.729±.007 0.724±.043 3.234±.019

+ GCN 0.428±.005 0.641±.004 0.765±.005 0.357±.036 2.867±.011

+ Hyperbolic GCN 0.435±.006 0.650±.006 0.773±.005 0.164±.024 2.725±.014

+ Cross-Perception Module 0.442±.006 0.657±.005 0.781±.004 0.135±.004 2.696±.011

Component Analysis of Multi-Modal Fusion Module
Only Word-Level Feature Fusion 0.421±.010 0.635±.011 0.760±.008 0.281±.037 2.801±.019

+ Word-Level Reference 0.426±.008 0.641±.006 0.764±.007 0.225±.026 2.761±.042

+ Sentence-Level Feature Fusion 0.437±.005 0.651±.006 0.775±.006 0.167±.010 2.735±.025

+ Sentence-Level Reference 0.442±.006 0.657±.005 0.781±.004 0.135±.004 2.696±.011

Fg-T2M++ 0.442±.006 0.657±.005 0.781±.004 0.135±.004 2.696±.011

Table 4: Ablation of the proposed components.

All results are reported on the KIT-ML (Plappert et al.,

2016) test set.

All of this highlights the adaptability of our FG-

T2M++, showing its robustness in generating motions

and indicating a stronger capability in capturing fine-

grained details even in complex fine-grained modeling

situations.

5.4 Component Analysis and Discussion

In Table 4, we conducted a comprehensive evaluation

of the impact of various design components within Fg-

T2M++, showcasing its performance in text-to-motion

generation through extensive comparisons.

The Effectiveness of LLMs Semantic Parsing.

We analyzed 15 sub-components of LLMs parsing in

Table 4, with the first seven focusing on action body

parsing and the remaining eight on word semantic pars-

ing. When compared to our baseline Fg-T2M method,

which utilizes only text prompts, the incorporation of

LLMs analysis in Fg-T2M++ led to a significant per-

formance enhancement. Particularly noteworthy is the

greater impact of action body parsing on performance

compared to word semantic parsing. Action body pars-

ing plays a pivotal role in improving the quality of text-

to-motion generation.

To further examine the role of LLMs Semantic Pars-

ing, we conducted additional experiments under rare

text conditions to validate the model’s generalization

performance. For rare texts, we followed the ReMoDif-

fuse (Zhang et al., 2023b) metric, which introduces the

concept of the sample’s rareness. As for a test prompt,

we calculate its rareness rp as:

rp = 1 − max
i

{< E(texti), E(prompt) >}, (14)

where E represents the CLIP text encoder, texti is the

motion description in the training set, and < ·, · > de-

notes cosine similarity. This formula quantifies the max-

imum similarity between a given prompt and motion

description in the training set. The higher the similarity,
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Fig. 7: Evaluation FID based on different levels

of rareness on KIT-ML (Plappert et al., 2016)

datasets, where lower FID indicates better generaliza-

tion. From 0-25% to 75-100% signifies increasing diffi-

culty levels.

the lower the rareness, and vice versa. For rare texts, we

rank the data based on their rareness value and divide

the data into Tail 0-25%, Tail 25-50%, Tail 50-75%, and

Tail 75-100%, ranging from common to rare. Compared

with ReMoDiffuse (Zhang et al., 2023b) and Fg-T2M

(Wang et al., 2023), in Figure 7, Fg-T2M++ gener-

ates motion sequences that more conform to the ground

truth distribution, especially under rarer conditions in

75-100% splits, thus yielding significantly higher scores

in FID. When our method without the LSP module,

it exhibits significant degradation of FID metrics on

rarer texts. This indicates that under rare text condi-

tions, LLMs Semantic Parsing can provide more benefi-

cial prior knowledge, thereby obtaining better general-

ization and generating motion that matches text more

effectively.

We acknowledge that the descriptions generated by

LLMs may not always be completely consistent with

the GT motions, especially when the text prompts be-

come ambiguous. However, Fg-T2M++ can still com-

plete effective motion generation, as the fine-grained

descriptions provided by current LLMs are used as ref-

erence information, not as strong constraints to limit

the model.

We conducted three experiments comparing the

fine-grained descriptions generated by the LLMs dif-

ferent from the ground truth (GT), as shown in Figure

8. The first scenario is where LLMs generated descrip-

tions that represent the same action meaning but dif-

ferent variants, as shown in Figure 8a. The text prompt

is: “A person kicks with the right leg”. However, when

LLMs parsed the detailed action of the right leg, they

described it as “lifting the right leg towards a high

place”. The result shows that the generated figure kicks

the right leg relatively high. The second scenario is

where LLMs capture the overall motion semantics but

do not match the specific details, as shown in Figure

Fig. 8: Visual results on the effects of LLMs. Mo-

tion frames are ordered from left to right.

8b. The text prompt is: “A person does two jumping

jacks”. LLMs may focus more on the action meaning

brought by the jumping jacks, neglecting the depiction

of “two” in the fine-grained description of each joint.

However, the result shows that the figure can still com-

plete the motion of two jumping jacks. The third sce-

nario is where LLMs describe the motion of the wrong

body parts, as shown in Figure 8c. The text prompt is:

“A person runs to the left”. In the current Text2Motion

dataset, the directionality is mostly used to describe the

left and right of the person. Therefore, this text actually

describes the person running to his left side. However,

due to the lack of this prior knowledge, LLMs incor-

rectly describe the person as running to the left side

of the screen, i.e., running to the right side of the per-

son. The result shows that the figure still completes the

action of running to his left side.

The provided examples illustrate that when the fine-

grained descriptions do not align with Gt as a refer-

ence, our method can robustly generate motions that

are consistent with the text prompt. Nevertheless, alle-
viating mismatches with GT motion is still a challenge

that needs to be tackled, as more precise fine-grained

parsing leads to more accurate reference information.

It is possible to consider adding more task priors to the

LLMs’ prompts to prevent some common sense issues,

such as the third scenario situation mentioned above.

The Effectiveness of the Hyperbolic Text Repre-

sentation Module. Our investigation explored the

impact of textual syntactic structure and the utilization

of hyperbolic space on text encoding in Table 4. We ob-

served that employing a standard transformer resulted

in the model struggling to capture intricate structural

details within sentences, consequently leading to dimin-

ished performance. However, integrating syntactic anal-

ysis alongside graph convolutional networks, as imple-

mented in our baseline Fg-T2M approach, significantly

strengthened the model’s ability to encode text, result-

ing in enhanced results.
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Fig. 9: Visualization of one text sample’s features in hyperbolic space and Euclidean space. a) Text

feature projection of ReMoDiffuse (Zhang et al., 2023b) into Euclidean space. b) Text feature projection of Fg-

T2M++ without Cross-Perception Module into Euclidean space. c) Text feature projection of Fg-T2M++ without

hyperbolic GCN Module into Euclidean space. d) Text feature projection of Fg-T2M++ into Euclidean space. e)

Key text feature projection of Fg-T2M++ into hyperbolic space. f) Linguistic relationship tree structure of one

text sample.

Fig. 10: Evaluation R-TOP based on different

sentence lengths on KIT-ML (Plappert et al.,

2016) datasets, where higher R-TOP indicates better

performance. From 0-25% to 75-100% signifies increas-

ing difficulty levels.

A notable improvement in performance metrics—R-

TOP, FID, and MM-Dists—was observed when hyper-

bolic GCN replaced the standard GCN. This highlights

the efficacy of hyperbolic space in capturing tree struc-

tures and facilitating the seamless expansion of linguis-

tic attributes throughout the generative process. Ad-

ditionally, the introduction of a cross-perception mod-

ule further refined the model’s ability to assimilate fine

textual nuances and LLMs-parsed features, leading to

superior performance.

The superiority of the hyperbolic text representa-

tion module is further underscored by a visualization

analysis of text features in hyperbolic space, as de-

picted in Figure 9. Consider the sentence “A person

kicks left leg then right leg” for illustration. The linguis-

tic features of the ReMoDiffuse (Zhang et al., 2023b)

Fig. 11: Qualitative examples on the ablation

study. Motion frames are ordered from left to right.

Text prompt: A person performs two squats while lift-

ing his arms to shoulder height and hands above his

head. a): Fg-T2M++. b): Fg-T2M++ w/o multi-modal

fusion module. c): Fg-T2M++ w/o hyperbolic text rep-

resentation module. d): Fg-T2M++ w/o LLMs seman-

tic parsing module.

are chaotically distributed in Euclidean space, lacking

a clear tree-like hierarchical organization. Additionally,

features representing similar linguistic concepts, such

as “left” and “right,” are overly condensed, as demon-

strated in Figure 9a. In stark contrast, the linguistic

features of our Fg-T2M++ are arranged more logically

in Euclidean space, efficiently differentiating between

similar linguistic elements, for example, “left leg” and

“right leg,” as shown in Figure 9d. When these text

language features are projected into hyperbolic space,

they present a tree-like hierarchical structure, as illus-

trated in Figures 9e and 9f. To verify the significance of

fine-grained descriptions and the function of hyperbolic

GCN within the hyperbolic text representation mod-

ule, we deactivate the cross-perception and hyperbolic

GCN modules to study their influence on the text fea-

ture space. As depicted in Figure 9b, the absence of the
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A person opens their arms and turns in place, then walks forward. 

A person walks forward, then squats to pick something up with both hands, stands up, and resumes walking to his right side.

A person walks forward, sits down, stands up and walks forward again.

Ours FineMoGen MDM ReMoDiffuseFg-T2M

Fig. 12: Visual results compared with existing methods. The gray arrow represents the time axes.

cross-perception module results in a compact text fea-

ture representation that may disproportionately focus

on the initial action, such as ”a person kicks left leg,”

potentially overlooking subsequent sentence elements.

Furthermore, as Figure 9c illustrates, when the hyper-

bolic GCN module is removed, the text features of the

left leg and right leg cannot learn a clear distinction like

that in Figure 9d, thus posing a great challenge to the

subsequent motion generation process. This showcases

that Fg-T2M++, with its Hyperbolic Text Represen-

tation Module, adeptly learns the tree-like hierarchical

architecture of language, thus harnessing more effective

linguistic features for enhancing motion generation.

The Effectiveness of Multi-Modal Fusion Mod-

ule. Expanding upon our baseline Fg-T2M, which

utilizes conventional word-level and sentence-level fea-

ture fusion methods, the integration of subtle, fine-

grained insights from LLMs parsing at both the word

and sentence levels substantially enriches the text-to-

motion generation process by providing a deeper con-

textual understanding, as shown in Table 4. This strate-

gic enhancement results in significantly improved per-

formance. It is also observed that the fusion of word-

level features, compared to sentence-level integration,

has a more pronounced impact on refining and enhanc-

ing the quality of motion generation. This underscores

the critical importance of linguistic analysis in advanc-

ing the fidelity of generated motions.

We further conducted additional experiments to as-

sess the performance of the MMF Module under vari-

ous lengths of text prompts. We sorted the data based

on the length of the text prompts and divided it into

four segments: Tail 0-25% (less than 6 words), Tail 25-

50% (between 6 and 8 words), Tail 50-75% (between

8 and 10 words), and Tail 75-100% (more than 10

words), ordered from short to long. Figure 10 presents

the quantitative results compared with Fg-T2M (Wang

et al., 2023) and Our method without the MMF mod-

ule. When the text prompts are long and complex, the

performance of Fg-T2M (Wang et al., 2023), as well as

our method without the MMF module, degrades signifi-

cantly. However, our Fg-T2M++ shows the least degra-

dation, demonstrating the effectiveness of our proposed

MMF module, which incorporates the idea of global and

local progressive fusion.

Motion Visualizations on the Ablation Study.

To thoroughly assess the individual contributions of

each module, we employed motion visualization for an

in-depth comparative analysis, as illustrated in Figure

11. Through ablation visualization, we examined the

effects of removing key components. Upon the removal

of the LLM semantic parsing module, the model can

still roughly complete the overall motion but lacks de-

tail, notably failing to raise the hands above the head

as specified. Excluding the multi-modal fusion mod-

ule resulted in the model’s limited capability to per-

form a single squat. The absence of the hyperbolic text

representation module led to a significant decline in

performance, with inaccuracies in both the number of

squats and the positioning of the hands. In contrast,

our full Fg-T2M++ model adeptly executed the mo-

tions as dictated by the textual descriptions, confirming

the method’s ability to understand complex sentences

and generate high-quality motion.
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Fig. 13: More examples of visualizations. a): A per-

son walks forward and lifts one leg, almost tripping over

something. b): A person runs in a s-shape. c): A person

raises their right leg and extends it then lowers it. d):

A person is walking while raising both hands.

5.5 Qualitative Analysis

To highlight the effectiveness of Fg-T2M++, Figure 12

provides a qualitative comparison with Fg-T2M (Wang

et al., 2023), FineMoGen (Zhang et al., 2024b), MDM

(Tevet et al., 2023), and ReMoDiffuse (Zhang et al.,

2023b). By comparison, our initial version, Fg-T2M

(Wang et al., 2023), still faces challenges in captur-

ing the intricacies within more complex sentences, of-

ten missing out on some action details. ReMoDiffuse

(Zhang et al., 2023b), employing retrieval techniques,

elevates the quality of motion generation and excels

across action categories but encounters challenges in

generating motions that precisely align with the text

descriptions. MDM (Tevet et al., 2023) experiences a

sharp decline in performance when faced with challeng-

ing or lengthy text prompts. FineMoGen (Zhang et al.,

2024b) captures the general essence of the text but falls

short of capturing finer details. Overall, our method ex-

cels in generating high-quality motions that faithfully

represent the input text, surpassing these models under

complex text conditions. In Figure 13, we present ad-

ditional visual examples, showcasing Fg-T2M++’s ro-

bust text comprehension capabilities and its proficiency

in generating intricate motions.

6 Limitations, Future Work and Conclusion

Limitations and Future Work. The effectiveness

of Fg-T2M++ is closely tied to the capabilities of pre-

trained large-scale language models. This reliance can

present challenges, particularly in requiring applica-

tions to provide detailed and specific input formats,

which to a certain extent limits its application scenar-

ios. Additionally, the current model is limited to gen-

erating motion sequences with up to 196 frames, which

restricts its application for longer sequences. Future re-

search could focus on extending motion sequence length

and achieving smooth transitions between actions to

better meet real-world needs. Furthermore, modeling

interactions between humans and their environments,

including other people and scenes, represents another

promising research direction.

Conclusion. In this paper, we introduce Fg-

T2M++, a method for fine-grained text-driven hu-

man motion generation using diffusion models. Specifi-

cally, Fg-T2M++ integrates three advanced techniques:

LLMs Semantic Parsing, Hyperbolic Text Represen-

tation Module, and Multi-Modal Fusion Module. By

leveraging the powerful prior knowledge of LLMs to

parse text prompts effectively and utilizing language

relationships to construct precise language features, Fg-

T2M++ achieves multi-step reasoning through hierar-

chical feature fusion at both global and detailed levels.

Our quantitative and qualitative results demonstrate

that our approach outperforms existing SOTA meth-

ods in text-driven motion generation tasks, producing

high-quality, fine-grained motions that align with text

prompts even under complex text conditions.
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Appendix

A User Study

Figure 14 shows the comparison page for our user study. For
each text prompt, the motion is generated through differ-
ent methods and randomly reshuffled. Users are required to
rank their preferences for the given motions. The motions in
the user study include the category of fine-grained motions,
such as “a person is limping with the right leg hurt and go-
ing around in a circle” or “a person is raising his right arms
above his head and then waves both hands multiple times.”
These text prompts contain many detailed features, requir-
ing the generation methods to fully capture and model fine-
grained features. The user study also includes the category of
long sequence motions, such as “a person walks forward, then
squats to pick something up with both hands, stands up, and
resumes walking to his right side” or “a person walks forward,
sits down, stands up, and walks forward again.” These text
prompts contain complex combinations of multiple actions,
challenging the model’s ability to learn and comprehend long
sequence features from text prompts.

Fig. 14: Visualization comparison page of our user

study.

B Failure Cases

We acknowledge some limitations in our approach, as de-
picted in Figure 15. While Fg-T2M++ demonstrates pro-
ficiency in capturing the subtle details embedded in text
prompts, it encounters challenges when processing lengthy
sentences. This occasionally leads to the omission of certain
specific actions and, consequently, results in suboptimal out-
comes. To address this limitation, we propose a potential
solution: strategically dividing longer sentences into multi-
ple distinct tasks for independent processing. This approach
could facilitate the preservation of fine-grained characteristics
in the generation of long sequence actions.

C More Analysis of Text Features

We present further visualization analysis of text features, as
shown in Figure 16. The figure takes the sentence “A person
sits down, stands up, and walks forward” as an example. The

Fig. 15: Visualization of some failure cases. The arrow

represents the time axes and the red box indicates the

incorrect motion frames.

text features learned by ReMoDiffuse (Zhang et al., 2023b)
confine a series of actions to a compact space, failing to ef-
fectively distinguish the differences between each motion. As
demonstrated in the third row of Figure 12 for the ReMoDif-
fuse (Zhang et al., 2023b) case, it only manages to complete
the action of sitting down, thereby neglecting the detailed
features of the subsequent series of motions. In contrast, Fg-
T2M++ learns the differences between each motion, effec-
tively distinguishing the execution of different motions corre-
sponding to different texts. Likewise, in the scenario depicted
by text prompt 2, “a person squats to pick something up with
his right hand,” ReMoDiffuse (Zhang et al., 2023b) to learn-
ing textual features within a narrow text space, indicating
potential overfitting during the model’s training phase, which
compromises its capacity for generalization. Conversely, Fg-
T2M++ is adept at discerning clear and significant textual
features, which in turn creates more impactful conditions
that enhance the subsequent generation of motion. There-
fore, it can generate high-fidelity, high-quality motion more
effectively.

To verify the advantages of hyperbolic space on quan-
titative experiments, we calculated the geodesic distance in
hyperbolic space for ReMoDiffuse (Zhang et al., 2023b) and
Fg-T2M++. As shown in Table 5, D1, D2, and D3 represent
the average distance from the first, second, and third layer
nodes to the root node in the text-tree structure, respectively.
We found that the order calculated by ReMoDiffuse (Zhang
et al., 2023b) is D2 < D3 < D1, which does not conform to
the hierarchical structure of the tree. In contrast, the order
of Fg-t2m++ is D1 < D2 < D3, correctly reflecting the hi-
erarchy from the first to the third layer, revealing that our
method better preserves the text-tree hierarchy.

Method D1↓ D2↓ D3↓ Order

ReMoDiffuse 12.25 11.07 11.96 D2 < D3 < D1

Fg-T2M++ 4.01 4.30 4.45 D1 < D2 < D3

Table 5: Comparing the performance in maintaining the

hierarchical structure

Thirdly, we demonstrated the alignment between the text
feature space and the motion feature space, as shown in Fig-
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Fig. 16: Visualization of more text samples’ features in hyperbolic space and Euclidean space. a) Text

1 feature projection of ReMoDiffuse (Zhang et al., 2023b) into Euclidean space. b) Text 1 feature projection of

Fg-T2M++ into Euclidean space. c) Text 2 feature projection of ReMoDiffuse (Zhang et al., 2023b) into Euclidean

space. d) Text 2 feature projection of Fg-T2M++ into Euclidean space.

ure 17. Our method achieves closer alignment between these
spaces compared to ReMoDiffuse (Zhang et al., 2023b), re-
sulting in improved cross-modal feature alignment.

a) Ours: Alignment of Text Features and Motion Features b) ReModiffuse: Alignment of Text Features and Motion Features

Fig. 17: The text-motion feature alignment.

Moreover, the scalability and effectiveness of hyperbolic
representations over transformers have been validated in
large-scale settings by works such as MERU (Desai et al.,
2023), which leverage hyperbolic geometry to better preserve
hierarchical relationships.

D Visual Comparison against Different

Methods

We highlighted the limitations of other classes of methods
when dealing with certain categories of sentences in the re-
lated work section. In this section, we provide a detailed
demonstration to validate that Fg-T2M++ is capable of ad-
dressing these issues. As illustrated in Figure 18, the mo-
tions generated by our method are depicted in cool white
across three images. Figure 18a demonstrates a comparison
between Fg-T2M++ and the latent space alignment method,
Temporal VAE (Guo et al., 2022a), revealing that Temporal
VAE only produces forward-walking motion while neglect-
ing to stumble to the left. Figure 18b shows a comparison
between Fg-T2M++ and the autoregressive method TM2T
(Guo et al., 2022b), which erroneously only performs a sin-
gle hand swing. Figure 18c presents a comparison between

Fg-T2M++ and the diffusion model method ReMoDiffuse
(Zhang et al., 2023b), indicating that ReMoDiffuse fails to de-
pict jumping and clapping simultaneously, completing only a
single action. In contrast, Fg-T2M++ comprehensively gener-
ates motions consistent with the text prompts, demonstrating
its superiority in handling fine-grained details.

E More Diverse examples

We present additional visualization examples, as shown in
Figures 19 and 20. These demonstrate Fg-T2M++’s ability
to understand complex motion descriptions and its capability
to generate high-fidelity, high-quality human motion.

F Dependency Analysis of Fg-T2M++ on

LLMs

We discuss the scenario where LLMs provide coarse-grained
text descriptions. As shown in Figure 21a, our original text
prompt is: “A person takes three steps forward.” However, the
coarse-grained content parsed by the LLMs lacks the number
of steps. Similarly, the text prompt for Figure 21b is: “A per-
son kicks the left leg twice,” while the coarse-grained content
parsed by the LLMs lacks the content of “twice.” Fg-T2M++
can still generate the motion of walking and kicking, and
can accurately complete the fine-grained requirement of three
steps and twice. This verifies the robustness of Fg-T2M++
when the performance of LLMs is not satisfactory.

Through the analysis of the experiments, we found that
the generation capability of Fg-T2M++ is not significantly
affected by LLMs, i.e. when LLMs perform poorly, Fg-
T2M++ does not perform poorly either. This is because Fg-
T2M++ is actually more in line with the semantics of the text
prompt as a whole, as the fine-grained descriptions provided
by current LLMs are more used as reference information, not
as strong constraints to limit the model.
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Fig. 18: Visualization comparison with different methods. a) Compare with latent space alignment method,

Temporal VAE in red motion, under text “a person is walking forward while stumbling to the left.” b) Compare

with autoregressive model method, TM2T in yellow motion, under text “a person is walking with arms swinging.”

c) Compare with diffusion model method, ReMoDiffuse in blue motion, under text “a person is jumping while

clapping.”

Fig. 19: More diverse qualitative samples. The arrow

represents the time axes. a): A person jogs forward and

looks at the ground. b): A person does a cart wheel. c):

A person appears to dance.

Fig. 20: More diverse qualitative samples. a): A person

walks to the right and picks something up. b): A person

is performing lunges. c): A person runs forward and

jumps over something, then turns around.

G Performance differences between GPT-3.5

and GPT-4.

To assess the performance differences between GPT-3.5 and
GPT-4, we conducted two types of evaluations. First, in our
quantitative evaluation, we randomly sampled 100 examples
from the HumanML3D dataset (Guo et al., 2022a) and pro-
cessed the text with both GPT-3.5 and GPT-4. We evaluated
the motion generation quality using metrics such as R-TOP,
FID, and MultiModal Dist, as shown in Table 6. The re-

Fig. 21: Dependency analysis on LLMs

sults indicated that replacing the LLMs parsing module with
GPT-4 led to improvements in these metrics. This enhance-
ment is attributed to GPT-4’s ability to provide more detailed
and comprehensive text analysis, which is beneficial for sub-
sequent text feature extraction.

Method R-TOP3 ↑ FID ↓ MultiModal Dist ↓

Ours with GPT-3.5 0.75 0.73 3.26
Ours with GPT-4 0.77 0.68 3.15

Table 6: The quantitative performance differences be-

tween GPT-3.5 and GPT-4.

Second, for qualitative evaluation, we visualized the mo-
tions generated from text prompts processed by both GPT-
3.5 and GPT-4. As illustrated in Figure 22, we highlighted
differences in parsing specific details like “left leg.” GPT-3.5
failed to parse the detail of using the left foot as the root
for pivot action, incorrectly using the “right foot” instead. In
contrast, GPT-4’s superior parsing capability allowed for a
fine-grained analysis of the left foot supporting pivot action,
resulting in a motion sequence that accurately matched the
text description.
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a) GPT-3.5 b) GPT-4

Text Prompt: A person takes two strides forward, pivots swiftly on left foot, and then walks the other way.

Left Leg: Performs 
strides forward, and steps 
forward in the opposite 
direction.

Left leg: Lifts and 
strides forward twice, 
becomes the pivot 
point, supports the 
pivot action, and 
enables the change 
in direction.

Fig. 22: The visualization performance differences be-

tween GPT-3.5 and GPT-4.

H LLM-parsed Fine-grained Descriptions

In this section, we present some detailed content parsed by
LLMs as shown in Figure 24. These three sentences are de-
rived from the examples in Figure 12. It can be seen that
LLMs parse the original sentence into fine-grained actions
for each joint part. To be more specific, take the first sen-
tence as an example. We presented text prompts, LLM-parsed
fine-grained descriptions, and corresponding motion visual-
izations, as illustrated in Figure 23. The parsing by LLMs
of parts such as the left leg, right leg, and left arm is ac-
curately represented in the visualizations, demonstrating en-
hancements in connecting text descriptions to body parts.
Meanwhile, as demonstrated in the top row of Figure 12,
Fg-T2M++ was the sole method to successfully achieve this
precise movement. However, other approaches did not ac-
curately reflect the arm positioning as dictated by the text
description. Fg-T2M++ generates high-quality motion that
conforms to the fine-grained textual description based on the
LLMs-parsed output.

Left Arm: Extends outward from the shoulder, moving 
away from the body.

Right Arm: Extends outward from the shoulder, moving 
in synchrony with the left arm.

Left Leg: Remains stationary during the turn, then 
swings forward to initiate walking.

Right Leg: Remains stationary during the turn, then 
pushes off the ground to propel the body forward.

Head: Stays level and faces the direction of the turn, then 
moves forward while walking.

Torso: Rotates around the vertical axis during the turn, 
then moves forward in a straight line while walking.

Text Prompt: A person opens their arms 
and turns in place, then walks forward. 

Fig. 23: Correspondence between body joints and visual

motion.
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Fig. 24: LLM-parsed fine-grained descriptions.
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