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Motivation

“a man starts off in an upright position with both arms extended out by his
sides, he then brings his arms down to his body and claps his hands together,
after this he walks down and to the left where he proceeds to sit on a seat ”

“a person walks quickly and intentionally in a zig-zag pattern forward ”

Ground-truth Our generation Ground-truth Our generation



Contributions:

1. We present a simple yet effective approach for motion generation from textual descriptions

2. We show that GPT-like models incorporating discrete representations still remain a very
competitive approach for motion generation

3. We provide a detailed analysis of the impact of quantization strategies and dataset size
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T2M (Guo et al. 2022, CVPR): motion length prediction = _

TM2T (Guo et al. 2022, ECCV): text-to-motion and motion-to-text tasks
TEMOS (Petrovich et al. 2022, ECCV): transformer-based VAE
MotionDiffuse (Zhang et al. 2022, Arxiv): diffusion-based models
MDM (Tevet et al. 2023, ICLR): diffusion-based models
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Methods: stage 1
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Methods: stage 2
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Results

R-Precision 1

Methods Topi Top-2 Top3 FID | MM-Dist | Diversity T MModality 1
Real motion 0.511%-003 . 703+-003 (797002 ((2+-000 2 Q74+008 g 5(3+.065 -

Our VQ-VAE (Recons.) 0.501%992  0.692+002 . 785%002 0 070%001 3 072+009 g 503+-079 .
Seq2Seq [47] 0:1805992° 0300902 @i3ge="02 1175935 55og-00T g aggE.06l -
Language2Pose [ 1] 024679 038702 (48697 110979 592968 7676258 -
Text2Gesture | (] 0.165%-001 . 267%-002 (@ 345+-002 g5 (19+:030 g (30+-008 g 409+-07 -
Hier [21] 0.301%992. g 495%092. () 5521004 g 539+:024 5 (jo+018 g 339+.042 =
MoCoGAN [67] 0.0371-000 g 72+-001 (.106+-001 04.41%021 gg43+006 (g 462+-008 (g Q19+-000
Dance2Music [ 17] 0.033%:900  0.065%-001 .097+001 66.98+-016 g 116+006 (725011 (g (43+:001
TEMOSS [51] 0.424%:002  ( g12%-002 (g 709+.002 3 73/4+.028 3 7()3+.008 g g73+.071 () 36g+-018
TM2T [23] 0424008 gfg=999 (7ogR002. 1 BOpEUT  JARTEOLL  BEEEEN6 O 04088
Guo et al. [22] 0.455%-003  (.636+-003 (736002 1087021 3347+008 g 175+-083 9 919+.074
MLDS [71] 0.481%:003 (. g73+:003 ( 772+:002 (9 473+-013 3 196+010 g 724+:082 9 413+.079
MDM [66]% . . 0.611=%°7  0.544=% 556607  9.559F % 2 799% 072
MotionDiffuse [ 7] 0.491%-001 g g81%-001 ( 782+:001 (@G30+001 3 113+001 9 410+049 1 553+-042
Our GPT (r = 0) 0.417%:003  (.589+-002 ( gg5+-003 (0 140+:006 3 730+009 gg44+09 3 985+-070
Our GPT (r = 0.5) 0.491%-003 0 680%-003 . 775%:002 (0 116%004 3118+011 9 761+-081 1 856+011
Our GPT (r eU[0,1])  0.492%+:003 (,679%002 ( 775+002 (0 141+005 3191+009 ¢ 720+.082 1 g31+.048

Table 1. Comparison with the state-of-the-art methods on HumanML3D [>1] test set. We compute standard metrics following Guo et
al. | 27]. For each metric, we repeat the evaluation 20 times and report the average with 95% confidence interval. Red and Blue indicate the
best and the second best result. ¥ reports results using ground-truth motion length.



Results

R-Precision

Methods Top-i Top2 Top3 FID | MM-Dist | Diversity T MModality 1
Real motion 0.424%005 () 649%:006  ( 779+.006 ( n31£-004 9 7gg+-012 17 g*-097 .

Our VQ-VAE (Recons.) 0-399:t.005 0.614:}:‘005 0-740j:.006 0'472:t.011 2.986i'027 10994i 120 _
Seq2Seq [+] 0,1035998 g 1784095 oqi+008 948638 Togtosl g a8 <
Language2Pose [ 3] 0.2211005 373004 4831005 g 5q5+072 5 147+030 g g73+.100 .
Text2Gesture | 1] 0.1561-004 (.255+004 (9 338+-005 19 19+:183 g ggq+:029 g 334+.079 =
Hier [ 1] 0.255+:006 0 4321007 (531007 g5 903+-107 4 gge*-027 g 5G3+-072 -
MoCoGAN [67] 0.022%:002  ( 042%:003 (063003 89 69*+-242 1047012 3001043 (.250%009
Dance2Music [ 7] 0.031%:902  .058+:002 (086003 1154240 10.40%016 (.241%004 (g 0p2+002
TEMOSS [53,71] 0.353%:002 561002 (87002 3 717+028 3 417+-008 10984071 (g 532%018
TM2T [23] 0.280%006 (463007 (.587+005 3 599+051 4 591+019 g 473+-100 3 9go+.034
Guo et al. [2] 0.361%:006 (0 559%-007 (681007 3 (22%-107 3 48g+-028 1 79=145 9 g5o+.107
MLDS [71] 0.390=0% 0600 0734517 404" 304" [0 209920
MDM [0]8 - : D396 ~"04 pugE-Et  gagg BOER gaggpite g ogpEals
MotionDiffuse [ 7]8 0.417£004 () 621%-004 () 739%-004 ] g5q+-062 9 g58+.005 17 10+-143 730+ 013
Our GPT (1 = 0) 0.392%:007 0600007 (.716%006 (.737%049 3937027 17 198+.086 9 309+.055
Our GPT (7 = 0.5) 0.402%006 (619005 (737+006 717041 3 (53+026 () g+ 094 1 912+036
Ot GPT (r cU[0,1]) 0416598 @gagr-M6 grystN6 g gat020 3075088 19,993 +08 4 57e+039

Table 2. Comparison with the state-of-the-art methods on KIT-ML [51] test set. We compute standard metrics following Guo et al. [ ].
For each metric, we repeat the evaluation 20 times and report the average with 95% confidence interval. Red and Blue indicate the best and
the second best result.® reports results using ground-truth motion length.



Ablation Study

Analysis of VQ-VAE quantizers on HumanML3D

Quantizer
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Impact of dataset size
on HumanML3D
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Visualization
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Text: a man steps forward and does a handstand.
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Visualization
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Ground-truth

Text: A man rises from the ground, walks in a
circle and sits back down on the ground.
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Visualization Text: a person jogs in place, slowly at first, then increases
speed. they then back up and squat down.
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- - - Text: a man starts off in an up right position with botg arms
Visualization extended out by his sides, he then brings his arms down to his

body and claps his hands together. after this he wals down amd the
the left where he proceeds to sit on a seat
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More visual results are provided in the project page 15
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« We investigated a classic framework based on VQ-VAE and GPT to synthesize
human motion

« Our method achieved comparable or even better performances than concurrent
diffusion-based approaches



Thank you!

Project page: https://mael-zys.qithub.io/T2M-GPT/

* Code: https://github.com/Mael-zys/T2M-GPT
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