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Abstract:  Generating high-quality human motions that are semantically consistent with textual descriptions remains
a challenging problem. Although recent diffusion-based, autoregressive, and multimodal pre-trained approaches have im-
proved motion naturalness and diversity, they still struggle with complex semantic understanding and fine-grained motion
modeling. These limitations mainly stem from two factors: (1) the lack of explicit modeling of hierarchical dependency rela-
tionships among sentence components, which hampers accurate textual semantic understanding; (2) the reliance on either
global-level or word-level text-motion alignment, while neglecting the complementarity between global and local seman-
tics, making coarse-to-fine collaborative modeling difficult. To address these limits, we propose the hierarchical textual-se-
mantic-driven multi-granularity human motion generation framework (HTMG), which models textual semantics while en-
abling coarse-to-fine cross-modal interactions to ensure text-motion consistency. Specifically, we introduce a hierarchical
semantic capture strategy (HSCS) that constructs a textual structure tree via syntactic parsing and embeds it into hyperbolic
space, where hierarchical semantic dependencies are dynamically modeled using a hyperbolic graph attention mechanism.
Furthermore, we design a multi-granularity cross-modal attention mechanism (MGCA) that adaptively fuses global-level

and word-level semantic representations with motion features, allowing the model to jointly capture overall motion intent
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and fine-grained action variations. Extensive experiments demonstrate that HTMG achieves state-of-the-art performance on

the HumanML3D and KIT-ML benchmarks, validating the effectiveness of our framework in textual semantic understand-

ing and text-motion alignment.
Keywords:

human motion generation; hierarchical semantic capturing strategy; hyperbolic space; hyperbolic graph
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Figure 1 = Overview of HTMG and its performance on the HumanML3D dataset
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Table 1  Quantitative comparison on the HumanML3D test set
i FIDJ fi-Precision MM-Distd Diversity—> MModality?
Top 1T Top 2T Top 3T
Real 0.002=° 0.511=% 0.703*%* 0.797-%* 2.974=%% 9.503*%% —
TEMOS™ 3.734=7 0.424=% 0.612*%* 0.722=%* 3.703=%% 8.973=" 0.368*""
MLD2" 0.473*% 0.481=%% 0.673** 0.772=%* 3.196=""° 9.724% 2.413*7"
T2M-GPT* 0.116"" 0.491=%" 0.680"" 0.775-%" 3.118"" 9.761*%' 1.856°"
MDM™ 0544 0.320%"" 0.498=" 0.611=" 5.566"" 9.559*% 2.799*"
Fg-T2M"! 0.243*° 0.492+% 0.683" 0.783*" 3.109" 92787 1.614*%%
Au-T2M™ 0.1122% 0.499* 0.690%? 0.786*" 3.038=" 9.700=*° 2452+
MotionGPT*! 0.23240% 0.4925 0.681+% 0.778*" 3.096*" 9.528=" 2.008="
MotionDiffuse!"! 0.630°"" 0.491+%" 0.681*™" 0.782+"" 3.113+ 9.410%% 15530
Motion Mamba!"’ 0.281+%" 0.502+ 0.693*% 0.792+% 3.060%%% 9.871+% 2.294*%%
MotionL.CM™ 0.304=°% 0.504=" 0.698= 0.796=" 3.012=" 9.634=% 22675
DisCoRDF 0.095=" 0.476% 0.663*"° 0.760*"" 3.121%% — 1.831%%
Motion-Agent "1 0.230%" 0.515=% — 0.801=% 2967 9.908* —
MG-MotionLLM®" | 0.303*"' 0.516*" 0.706*" 0.8025% 2.9525% 9.960*7 —
MARDM"* 0.114=%7 0.500=* 0.695*** 0.795-"% 3.270=% — 2.231=""
Ours 0.064*** 0.523*%" 0.713%" 0.808* 2.930~"" 9.528="" 1.995*

TE X TREAEAR, FATHEIZ VPG 20 00, IR 27 A 95% B A5 X Il A-F 28

TR MRRAT | " KR T RO S PR R

AT R

MR R LR, PRI FR IR R 17 R s

K2 EKIT-MLIKEEWEELRE

Table 2 Quantitative comparison on the KIT-ML test set

R-Precision
itk FIDY MM-Dist} Diversity—> MModality T
Top 17 Top 27 Top 3T
Real 0.031% 0.424+9 0.649%% 0.779%% 2,788 11.08%

TEMOS" 3717 0.353"%¢ 0.561+%7 0.687+%° 341770 10.84*1% 0.532%%%
MDM“ 0.497=% 0.164*% 0.291=%* 0.396** 9.190*"% 10.85*'% 1.907+*"
MLD?"! 0.404= 0.390*** 0.609*** 07347 3.204*%7 10.80*"" 2.192°%"

T2M-GPT* 0.514%% 0.416-"° 0.627% 0.745-%% 3.007*%% 10.92*'% 1.570*%
Fg-T2M" 0.175% 0418 0.626*" 0.745=% 31140 10.93*%% 1.019*%
Aw-T2M™! 0.870%% 0.413%° 0.632" 07517 3.039*" 10.96"'% 2.281%%
MotionDiffuse!"® 1.954+9% 0.417% 0.621% 0.739=% 2.958*% 11.10%'% 0.730"
MotionGPT™! 0.510%" 0.366" 0.558=% 0.680%* 3.527+ 10.35%% 2.328*"7
Motion Mamba'™' | 0.307** 0.419* 0.645%% 0.765 3.0215% 11.02°* 1.678%%%
DisCoRD™ 0.541+%% 0.382 0.590" 0.715=% 3.260""% — 1.928*%%
MARDM"* 0.242+ 0.387=%¢ 0.610%%° 0.749=%%° 3.374=% — 1.312%%%
Ours 0.476*" 0.440*"" 0.652-*° 0.769=* 2.926*" 10.565*"" 1.494=%

T FAEAEAR, AT A 200k, JF 445" A 95% BAS KA V- 21 . MLIAZ R BeAEAS R, R R K S AL 7 7R g ey

TR MRMAT | 7 Fe7R MU USSR BT — R T AR
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Th 2 0.522 5 881 , N 4548 20 AT AS JE LU TH A 1 o
i, R EG GAT Y FID o BLAH 2 ke & v LA E ), H

TR e B YRR HARIAZ IR . A2 T, Bl
HGAT ¥ FID S D04k 2 0.064, X UFHH T A SCHri 7
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Figure 3  Qualitative comparison on the HumanML3D test se
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Table 3 Ablation study of the HSCS and MGCA modules on the HumanML3D test set
R-Precision
45 HSCS MGCA FID{ MM-Distd | Diversity— MModality
Top 11 Top 27 Top 37
A X X 0.151%9% 0.546*% 0.745%%% 0.838*% 2.801=%1° 9.822507 1.874%7
B N X 0.127+9% 0.558+% 0.756" 0.847+%2 2.726"™% 9.753%%” 1.704+%°
C X v 0.072% 0.517=" 0.709*% 0.806=" 2.9467 9.471+% 2.025=%!
D N v 0.064-" 0.523+0% 0.713%9% 0.808" 2.930%7 9.528*%7 1.995+07

VR FOR AR, X IR A IR, ST R bR, TN R IEA 20 U, RIS 2V 95% BAS X ST . HUA TR ks
N IR M M L FOR MR, < — 7 SRR S S
R4 HSCSHIIE X IHIR KBS HRALIE

Table 4  Ablation study of the semantic capture strategies in HSCS

o N

j;g IILI{?J Jrik FIDY Top 11 i TPZC:TIOH Top 30 MM-Distd | Diversity—> | MModalityT

¥4 IR EG Attention 0.072-%% 0.517=" 0.709* 0.806"" 2.9467 9.471%% 2.025%!
B BRI GCN 0.074=% 0.519*%% 0.711=%3 0.806*** 2.931=0% 9.466*%! 1.990*%%
B R I GAT 0.075=% 0.522%% 0.715%° 0.808*%* 2.916"" 9.570*% 1.957+%
) poditi HGAT 0.064*% 0.523*%° 0.713%%% 0.808*% 2930 9.528*%" 1.995=778
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vs CLIP B} R Top 1427} 0.6% , FID [%1I% 0.008 , MM-Dist
FEAK 0.016. 4nE 4 7R, SR F CLIP J7 % 43 35t O
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Table 5 Curvature sensitivity experiment
R-Precision
1% (c) FIDY MM-Distd Diversity—> MModalityT
Top 1 Top 21 Top 3T
0.1 0.081"™ 0.521%%% 0.711%% 0.806™" 2,933 9.499*%% 1.947+7
0.5 0.073%% 0.521%% 0.712%%% 0.808" 2,933 9.499='"7 1.981="
1.0 0.064-° 0.523=% 0.713=% 0.808" 2.930=%7 9.528%7 1.995=7
2.0 0.089*% 0.521=% 0.710%% 0.806*" 2.943=0% 9.483="! 1.988*77

TE X TR, AT EIEAG 20 0, JF 45271947 95% B A5 K I 1 P39 (. AR R i AEE5 AL T FoR R, L7 2R BAIUR LT, “—”

FIN BT LSRR

F 6 HSCSHEHRTE HumanML3D MK & _EE R IE X IBEEE AU E RS

Table 6  Ablation study on the effectiveness of the HSCS module for hierarchical semantic understanding on the HumanML3D test set

R-Precision
SCA B 70 FIDV — —— Y MM-Distd Diversity—> MModality
op op op
CLIP 0.072+0 05172 0.709*2 0.806* 2.946*%7 9.471%%% 2.025%!
HSCS 0.064>%? 0.523°% 0.713*% 0.808>%2 2.930°%7 9.528=%7 1.995+078

o T EEAERR, AR IAG 200K, I £ A 95% BAS K I T2 . HUIAR R BoESE R T R s, " o I Ag, <"

BN BT LA T

CLIP

HSCS

A person walks forwards, sits.

A man runs to the right then runs
to the left then back to the middle.

then left
the

A person is circling to their left
as they gesture in a striking
motion with their right hand,
then they gesture the same way
with their left hand, before
turning back and gesturing in an
overhead throwing motion with
their right hand.

circling

A person moves their right hand
that starts in front of their body
with their other hand, in a counter
clockwise circle to the right of
their body and when the arm
reaches back to the front of the
circle the left hand in brought to
meet the left hand. this happens
again as if the person is throwing
a ball with their right hand.

_______ > A O ki

€14 HSCS FI CLIP Y SCAS-AT A 30 X6 Iy 56 2 (]

Figure 4  Visualization of the text-motion activation correspondence of HSCS and CLIP
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Table 7 Comparative experiments of HSCS on the 88 long-text descriptions in the HumanML3D test set
. R-Precision
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Table 8  Ablation study on the effectiveness of the MGCA module for coarse-to-fine semantic collaborative guidance on the HumanML3D test set
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Figure 5 Visualization of the ablation study on global and local semantics
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Table 9 Ablation study of fusion strategies in the MGCA module on the HumanML3D test set
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