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Text-to-Motion
Results

A person on the ledge of A person and A person is practicing
something then and something up and then on i
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Motion-to-Text
Results
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A person lifts and bends their
left leg/knee, then sweeps the
leg in a counterclockwise motion
back to the starting position,
then repeats that process once
more.

A person takes two steps
forward then turns to their
right 180 degrees and takes
two steps away.

A person kicks two times on
his left then kicks forward
two times.
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Motion Prediction
Results
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Methods Text-to-Motion Motion-to-Text Motion Prediction Motion In-between
R TOP11 FID| DIV—s R TOP31 Bleu@4t Ciderf FID| DIV—  FID| DIV—s

Real 0.511%:003 (. 0p2+:000 9 50)3+-065 0.828 - - 0.002 9.503 0.002 9.503

MLD [54] 0.481%003 (473013 g 794+.082 - - - - - - -

T2M-GPT [48] 0.491%003 0,116+ °9*  9.761+-081 - - - - - - -

TM2T [12] 0.424F-017 1 501%:003 g 5R9+-076 0.823 7.00 16.8 - - - -

MDM [48] 0.320%005  (.544% 044 9 55Q+-086 - - - 6.031 7.813  2.698 8.420

ERRAVICBWVWTHELPRL
(BT-L &TL)

MotionGPT (Ours) 0.492+003  (.232+:008 g9 528+071  (,827 12.47 29.2 0.905 8.972 0.214 9.560

Table 2: Comparison of four motion-related tasks on HumanML3D [ 1] dataset. The evaluation
metrics are computed using the encoder introduced in [ | |]. The empty columns of previous methods
indicate that they can not handle the task. The arrows (—) indicate that closer to Real is desirable
Bold and underline indicate the best and the second best result on text-to-motion task.

Human Evaluation
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. — o B e
0% . B ______M R 0% _____B -
H MotionGPT vs MDM M MotionGPT vs T2M-GPT MotionGPT vs GT . GT = MotlogGPT TM2T .
Which of the two motions is more realistic? ~ which of the two motions corresponds better to the text prompt? Which description can better describe the motion?

Figure 8: User Study. We investigate our motion quality and the alignment with test descriptions.
The left part is the user study for text-to-motion. The right part is for motion captioning.
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Step 1

Training of Motion Tokenizer.

A motion sequence
is sampled from 3D
motion dataset.

Motion tokenizer
learns motion
representation.

Motion
Decoder

Motion

Encoder

:

Motion codebook

is used to represent Motion Codebook

human motion as
discrete tokens.

Motion Tokens
I <Tokenl>
[ ] <Token2>

Step 2

Motion-language Pre-training.

A motionand a
language description
are sampled.

A person catches

and throws a ball.
bid

, 2P

:

A person catches
and throws a ball.

_ <motion_id_33>

<motion_id_439> <motion_id_70>

This motion is
mapped to discrete
motion indices and
mixed with words.

;

Language
Decoders

This data is used to
pre-train our motion-
language model.

Language

Encoders

Model

Step 3

Instruction Tuning.

I
& ( Canyou show me that a
(| person does three straight _l

jumping jacks ?

g Could you provide a motion
that a person swings his left |~
leg out to the side ?

The QAs are sampled from
our prompt templates.

i

The prompts are used to
fine-tune our model on
diverse motion tasks

Language
Encoders

Language
Decoders

Language

Softmax
Model
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Motion-language Pre-training.

A motion and a A person catches
language description and throws a ball.

are sampled. < X

This motion is
. A person catches
mapped to discrete and throws a ball.

motion indices and D <5
mixed with words. <motion_id_439> <motion_id_70>

This data is used to
pre-train our motion- 1 1
language model.

Language ﬁ
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Instruction Tuning

1. IEBEOE—>a V- TFRA MR RIVATEE
2. BRI DlInstruction T 7L — b ZVERL

1]: Text-to-motion: & F H'text description
Can you generate a motion sequence that depicts ‘a person emulates
the motions of a waltz dance’?

#7]: Motion-to-text: 8 F A EFILIN/T=E—>Ya > b—7T
Provide an accurate caption describing the motion of <motion tokens>

T 7L — MMEARFER: https://github.com/OpenMotionLab/MotionGPT/blob/main/prepare/instructions/template_instructions.json

3. Instruction 7> 7L — FZFEWEE T — X
VERK L. TOET I #Fine-tuned %

Motion GPT 528X

---------------R

]

Instruction Tuning.

& ( Canyou show me that a
(") | person does three straight
jumping jacks ?
% 7
<

| “‘

@ Could you provide a motion

(N

that a person swings his left
leg out to the side ?

The QAs are sampled from
our prompt templates.

The prompts are used to ) )
fine-tune our model on
diverse motion tasks

Language
Model

\---------------'

12


https://github.com/OpenMotionLab/MotionGPT/blob/main/prepare/instructions/template_instructions.json
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Step 1

Training of Motion Tokenizer.

A motion sequence
is sampled from 3D
motion dataset.

Motion tokenizer
learns motion
representation.

Motion
Decoder

Motion
Encoder

;

Motion codebook

is used to represent Motion Codebook
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Motion Tokens
I <Tokenl>
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human motion as
discrete tokens.

---------------------,

NLPer(Z & » TR DA

Rmd HN 7

(m==mmm———————————————

Step 2

Motion-language Pre-training.

A motion and a
language description
are sampled.

A person catches

and throws a ball.
b |

o

This motion is
mapped to discrete
motion indices and
mixed with words.

A person catches
and throws a ball.

_ <motion_id_33>

<motion_id_439> <motion_id_70>

This data is used to
pre-train our motion-
language model.

Language

Language

Encoders | Decoders

Language
Model
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Step 3

Instruction Tuning.

)
BN

jumping jacks ?

a

leg out to the side ?

The QAs are sampled from
our prompt templates.

The prompts are used to
fine-tune our model on
diverse motion tasks

I
Can you show me that a |
person does three straight | _

Could you provide a motion
that a person swings his left |~

Language

Language
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Language
Model
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Name Venue Collection Representation Subjects Sequences Frames Length Condition Remarks

Human3.6M [39] TPAMI 2014 Marker-based Kpts. (3D) 11 - 3.6M 5.0h - 15 actions

CMU Mocap [65] Online 2015 Marker-based Rot. 109 2605 - %h - 6 categories, 23 subcategories

AMASS [40] ICCV 2019 Marker-based Rot. 344 11265 - 40.0h - Unifies 15 marker-based MoCap datasets

HuMMan [42] ECCV 2022 Markerless Rot. 1000 400K 60M - - 500 actions

KIT Motion Language [100] Big data 2016 Marker-based Kpts. (3D) 111 3911 - 10.3h Text 6.3k Text descriptions

UESTC [91] MM 2018 Markerless Kpts. (3D) 118 25.6K - 83h Text 40 Action classes

NTU-RGB+D [87] TPAMI 2019 Markerless Kpts. (3D) 106 114.4K - 74h Text 120 Action classes

HumanAct12 [7] MM 2020 Markerless Kpts. (3D) 12 1191 90K 6h Text 12 Action classes

BABEL [96] CVPR 2021 Marker-based Rot. 344 - - 43.5h Text 260 Action classes

HumanML3D [3] CVPR 2022 Marker-based & Markerless Kpts. (3D) 344 14.6K - 28.5h Text 449K Text descriptions

Tang et al. [117] MM 2018 Marker-based Kpts. (3D) - 61 907K 1.6h Music 4 genres

Lee et al. [118] NeurlIPS 2019 Pseudo-labeling Kpts. (2D) - 361K - 71h Music 3 genres

Huang et al. [119] ICLR 2021 Pseudo-labeling Kpts. (2D) - 790 - 12h Music 3 genres

AIST++ [115] ICCV 2021 Markerless Rot. 30 1,408 10.1M 5.2h Music 10 genres

PMSD [120] TOG 2021 Marker-based Kpts. (3D) 8 - - 3.8h Music 4 genres

ShaderMotion [120] TOG 2021 Marker-based Kpts. (3D) 8 - - 10.2h Music 2 genres

Chen et al. [86] TOG 2021 Manual annotation Rot. - - 160K 9.9h Music 9 genres

PhantomDance [123] AAAT 2022 Manual annotation Rot - 260 795K 3.7h Music 13 genres

MMD-ARC [8] MM 2022 Manual annotation Rot. - 213 - 11.3h Music -

MDC [126] MM 2022 Manual annotation Rot. - 798 - 3.5h Music 2 genres

Aristidou et al. [128] TVCG 2022 Marker-based Rot. 32 - - 2.4h Music 3 genres

AIOZ-GDANCE [129] CVPR 2023 Pseudo-labeling Rot. >4000 - - 16.7h Music 7 dance styles, 16 music genres
Trinity [134] | IvA2018 | Pseudo-labeling | Kpts.2D) | 1 | 23 | - R 1 I Speech |« Casual talks

TED-Gesture [136] ICRA 2019 Pseudo-labeling Kpts. (3D) - 1,295 - 52.7h Text TED talks

Speech2Gesture [130] CVPR 2019 Pseudo-labeling Kpts. (2D) 10 - - 144h Speech TV shows, Lectures

TED-Gesture++ [135] TOG 2020 Pseudo-labeling Kpts. (3D) - 1,766 - 97.0h Speech, Text Extension of [136]

PATS [132] ECCV 2020 Pseudo-labeling Kpts. (2D) 25 - - 251h Speech, Text Extension of [130]

Speech2Gesture-3D [137] IVA 2021 Pseudo-labeling Kpts. (3D) 6 - - 33h Speech Videos from [130]

BEAT [144] ECCV 2022 Marker-based Rot 30 2508 30M 76h Speech, Text, Emotion 8 emotions, 4 languages

Chinese Gesture [146] TOG 2022 Marker-based Rot. 5 - - 4h Speech, Text Chinese

ZEGGS [150] CGF 2023 Marker-based Rot 1 67 - 2.3h Speech, Style 19 Styles

SHOW [148] CVPR 2023 Pseudo-labeling Rot. - - - 27h Speech Videos from [130]

WBHM [153] ICAR 2015 Marker-based Rot. 43 3704 691K 7.68h Object 41 objects

PiGraph [182] TOG 2016 Markerless Kpts. (3D) 5 63 0.1M 2h Scene, Object 30 scenes, 19 objects

PROX [155] ICCV 2019 Markerless Rot. 20 60 0.1M 1h Scene, Object 12 indoor scenes

i3DB [159] SIGGRAPH 2019 Pseudo-labeling Kpts. (3D) 1 - - - Scene, Object 15 scenes

GTA-IM [154] ECCV 2020 Marker-based Kpts. (3D) 50 119 M - Scene Synthetic, 10 indoor scenes

GRAB [97] ECCV 2020 Marker-based Rot. 10 1334 1.6M - Object 51 objects

HPS [187] CVPR 2021 Marker-based Rot. 7 - 300K - Scene 8 large scenes, some > 1000 m?

SAMP [160] ICCV 2021 Marker-based Rot. 1 - 185K 0.83h Scene, Object 7 objects

COUCH [66] ECCV 2022 Marker-based Rot. 6 >500 - 3h Scene, Chairs 3 chairs, hand interaction on chairs

HUMANISE [16] NeurIPS 2022 Marker-based Rot. - 19.6K 1.2M - Scene, Object, Text 643 scenes

CIRCLE [168] CVPR 2023 Marker-based Rot. 5 >7K 4.3M 10h Scene 9 scenes

#@3 [Human Motion Generation: A Survey] Zhu+ &V 5|/
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Fig. 5: An overview of different generative models.
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