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• Human motion generation (HMG)

▪ Goal of HMG

−자연스러운 human의 pose sequence 생성

▪ Motion Data Representation

−Keypoint-based

҉ 인체구조에서구체적인 landmark를 keypoint로하여, 이들의집합으로구성됨

҉ Motion capture system에서 직접적으로얻을수있고해석에용이함

−Rotation-based

҉ Body joint의 angle에따라표현됨

҉ SMPL은 joint angle을통해 human mesh를 모델링하는대표적인예시임

Introduction to HMG
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• Typical HMG approaches

▪ Text-conditioned motion generation

−Action-to-motion

҉ ‘Walk’, ‘kick’, ‘throw’ 등의 action category에 따라 human motion sequence를생성

҉ Action의 class가정해져있어, text-to-motion task에비해직관적임

−Text-to-motion

҉ Natural language description에따라 human motion sequence를생성

✓Language의막대한표현력을활용함

҉ 최근연구들은대부분 diffusion model을 사용함

Introduction to HMG

MDM

Move as You Say, …
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• Typical HMG approaches

▪ Scene-conditioned motion generation

−Scene representation

҉ 대표적으로 point clouds, mesh를 사용하여 3D scene을표현함

−Generation pipeline

҉ 목표지점또는목표상호작용물체를 prediction

҉ Path(trajectory)를 planning

҉ Planning한 path를따라 motion infilling

Introduction to HMG

MDM

Move as You Say, …
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• MDM: Huma Motion Diffusion Model

▪ ICLR 2023 Top-25%
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• Introduction

▪ Text-guided motion generation의문제점

−Text와 motion 사이의 many-to-many problem

҉ 하나의 label에대해, 여러가지 motion이 존재할수있음

҉ 반대로, 한 motion에 대해여러가지의설명을할수도있음

−사용되는 methods의 one-to-one mapping

҉ 기존에사용되던 auto-encoder나 VAE 기반 HMG는표현이한정적임

▪ Contributions

−Human motion diffusion model

҉ Diffusion model을 사용하여 human motion을 생성함

−Fewer GPU resources

҉ Trained for 3 days with single NVIDIA GeForce RTX 2080 Ti GPU

−Geometric losses

҉ Motion을물리적으로통제

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)
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• Overview

▪ Human motion 𝑥1:𝑁을생성하는것이목표

−주어진임의의 condition 𝑐에따라생성함

҉ Condition 𝑐로는 text 또는 action의 real-world signal이주어짐

҉ 𝑐 = ∅인 unconditioned motion generation 또한가능함

✓In-betweening에서 조건이주어지지않을경우임의로 motion을 생성함

−Generated motion 𝑥1:𝑁 = 𝑥𝑖
𝑖=1

𝑁
은 human pose의 sequence를나타낸것

҉ 𝑥𝑖 ∈ ℝ𝐽×𝐷, 𝐽 is the number of joints, 𝐷 is the dimension of the joint representation

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

< MDM block architecture > < Overall process >
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• Main method

▪ Framework

−Diffusion (Markov noising process 𝑥𝑡
1:𝑁

𝑡=0
𝑇 )

҉ 𝑥0
1:𝑁은 data distribution으로부터 얻은초기의 motion 값

҉ 이후에는다음과같은 noising process를거침

✓𝑞 𝑥𝑡
1:𝑁|𝑥𝑡−1

1:𝑁 = 𝒩 𝛼𝑡𝑥𝑡−1
1:𝑁 , 1 − 𝛼𝑡 𝐼

• 𝛼𝑡 ∈ 0, 1 , constant hyper-parameters

• 𝛼𝑡가충분히작으면 𝑥𝑇
1:𝑁  ~ 𝒩 0, 𝐼  를근사할수있음

−Reversed diffusion process (denoising step)

҉ 위에서생성된 normal distribution 형태의 noise 𝑥𝑇를점진적으로 denoising

✓Condition에따라 motion 생성 𝑝 𝑥0|𝑐

҉ DDPM과같이 noise 𝜖𝑡를예측하지않고, signal 자체를예측함 ො𝑥0 = 𝐺(𝑥𝑡 , 𝑡, 𝑐)

✓여기서 𝐺는 noise step t와 condition c에따른 motion generation function

−Simple loss

҉ ℒ𝑠𝑖𝑚𝑝𝑙𝑒 = 𝐸𝑥0~𝑞 𝑥0 𝑐 ,𝑡~[1,𝑇][ 𝑥0 − 𝐺(𝑥𝑡 , 𝑡, 𝑐) 2
2]

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

𝑥0
1:𝑁과 같음
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• Main method

▪ Geometric losses

−Physical property를 강화하고 artifact를 예방하기위해사용

−3 geometric losses

҉ Position loss: body joints의 rotation을통해관절의위치를 optimize

✓ℒ𝑝𝑜𝑠 =
1

𝑁
σ𝑖=1

𝑁 𝐹𝐾(𝑥0
𝑖 ) − 𝐹𝐾( ො𝑥0

𝑖 )
2

2

҉ Foot loss: 발이땅에닿아있을때 velocity를 0으로설정함으로써 foot-sliding effect를
완화시켜주는효과가있음

✓ℒ𝑓𝑜𝑜𝑡 =
1

𝑁−1
σ𝑖=1

𝑁−1 𝐹𝐾 ො𝑥0
𝑖+1 − 𝐹𝐾 ො𝑥0

𝑖 ∙ 𝑓𝑖
2

2

҉ Velocity loss: 

✓ℒ𝑣𝑒𝑙 =
1

𝑁−1
σ𝑖=1

𝑁−1 𝑥0
𝑖+1 − 𝑥0

𝑖 − ො𝑥0
𝑖+1 − ො𝑥0

𝑖
2

2

҉ Overall training loss

✓ℒ = ℒ𝑠𝑖𝑚𝑝𝑙𝑒 + 𝜆𝑝𝑜𝑠ℒ𝑝𝑜𝑠 + 𝜆𝑓𝑜𝑜𝑡ℒ𝑓𝑜𝑜𝑡 + 𝜆𝑣𝑒𝑙ℒ𝑣𝑒𝑙

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

𝑓𝑖 ∈ 0, 1 𝐽

foot contact mask

Forward kinematic function
Joint position을 joint rotation으로 변환

FK

IK
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• Main method

▪ Model

−MDM block

҉ Noise time step 𝑡와 condition code 𝑐가각각의 feed-forward network에의해 transformer 

dimension으로 projection된 후, 더해져서 token 𝑧𝑡𝑘를생성함

҉ Noised input 𝑥𝑡 의각 frame도 transformer dimension으로 linearly projection됨

҉ 이후 encoder로입력되고, encoder의 output은다시 motion dimension으로 projection됨

✓Model이예측한 motion인 ො𝑥0가 생성됨

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

𝑥𝑡
1:𝑁과 같음

< MDM block architecture > < Overall process >
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• Main method

▪ Sampling

−Overall process

҉ 𝑝(𝑥0|𝑐)로부터 iterative하게 sampling을 수행함

҉ 처음에는 Gaussian noise가 𝑥𝑇로입력됨

҉ 매 time step 𝑡마다 clean sample ො𝑥0 = 𝐺(𝑥𝑡 , 𝑡, 𝑐)를 prediction하고, ො𝑥0 는이전보다한
step 적은 diffusion process로입력되어다음 MDM block의 input인 𝑥𝑡−1 을생성함

҉ 𝐺는 sample의 10%를 𝑐 = ∅로 setting하여 unconditioned motion도 학습함

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

< MDM block architecture > < Overall process >
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• Main method

▪ Editing

−Temporal domain에서 motion in-betweening과 spatial domain에서 body part editing이
가능하게함

҉ Diffusion inpainting을 motion data에적합하게조정함

҉ 별도의 training과정 없이 sampling 과정에서 editing이가능함

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

Blue frames: motion input
Bronze frames: generated motion
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• Result

▪ Text-to-motion

− Input text prompt가 주어진상황에서 motion을 생성함

−Datasets

҉ KIT, HumanML3D

−Evaluation metrics

҉ R-precision: Cosine similarity 기준상위 R개의 text, motion pair의 precision

҉ FID: Real data distribution과 fake data distribution 사이의 distance

҉ Multimodal distribution: 여러개의 mode(최빈값)를 갖는연속확률분포

҉ Diversity: 생성된 sample의 다양성을평가함

҉ Multimodality: 여러 modality를 처리하는 model의 종합적인성능

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)
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• Result

▪ Text-to-motion

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

Autoencoder-based

KIT test set

HumanML3D test set

Real과 가까울수록 좋은 성능
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• Result

▪ Action-to-motion

− Input action class가주어진상황에서 motion을 생성함

−Datasets

҉ HumanAct12, UESTC

−Evaluation metrics

҉ FID: Real data distribution과 fake data distribution 사이의 distance

҉ Accuracy: 0~1 사이로나타내지는정확도

҉ Diversity: 생성된 sample의 다양성을평가함

҉ Multimodality: 여러 modality를 처리하는 model의 종합적인성능

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)
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• Result

▪ Action-to-motion

1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model1)

HumanAct12 test set

UESTC test set
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• Move as You Say, Interact as You Can: Language-guided Human Motion 

Generation with Scene Affordance

▪ CVPR 2024 Highlight
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• Introduction

▪ 3D environments상에서수행되는 HMG의 limitation

−생성모델이 language, 3D scene, human motion을 jointly modeling하는 능력이부족함

−높은품질의 language-scene-motion dataset이 부족함

▪ Contributions

−3D scene grounding과 conditional motion generation 사이의 gap을채워주는 intermediate

representation역할을 하는 scene affordance를도입하여 two-stage modeling을 진행함

҉ Scene affordance는 간결한방식으로 3D scene을표현하면서도, scene과 human motion 

사이의정교한 geometric interplay가 가능하게함

−Language-scene-motion data의결핍에도불구하고뛰어난 HMG 성능을보임

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)
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• Overview

▪ Two-stage로나누어진행됨

−Affordance Diffusion Model (ADM)

҉ Affordance map을 생성하는부분

−Affordance-to-Motion Diffusion Model (AMDM)

҉ 생성된 Affordance map을 통해 motion을 생성하는부분

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)
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• Main method

▪ Affordance Map (ADM의 GT로사용)

−3D indoor scene의필수적인 detail 정보들을추출하여 motion 생성을 support하는역할

−3D scene의 point들과 human joint들사이의 distance field 형태로표현됨

҉ Motion sequence 𝑋 = 𝑥𝑖 𝑖=1
𝐹 , 𝑥𝑖 ∈ ℝ𝐽×3

҉ 각 scene point와각 frame에서의 joint 사이 ℓ2 distance를계산하여 per-frame distance 

field 𝑑 ∈ ℝ𝑁×𝐽를구함

✓Distance map 𝑐 𝑛, 𝑗 = exp(−
1

2

𝑑(𝑛,𝑗)

𝜎2 )

✓Affordance map 𝐶 = 𝑚𝑎𝑥𝑝𝑜𝑜𝑙(𝑐1, 𝑐2, … , 𝑐𝐹)

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)
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• Main method

▪ Affordance Diffusion Model (ADM)

−다음과같은공식을통해 affordance map 𝐶를생성함

҉ 𝑝𝜃 𝐶0:𝑇 𝒮, ℒ = 𝑝(𝐶𝑇) ς𝑡=1
𝑇 𝑝𝜃 (𝐶𝑡−1|𝐶𝑡 , 𝒮, ℒ)

−ADM은 perceiver 형태의 architecture로 구성되어있음

҉ Perceiver란 Transformer를 수정하여만든신경망으로, Transformer는 language에
대해서만다룰수있었으나 Perceiver는 모든종류의입력데이터를다룰수있음

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)

𝒮 ∈ ℝ𝑁×6 : RGB point cloud
ℒ = [𝑤1, 𝑤2, … , 𝑤𝑀] : Language description
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• Main method

▪ Affordance Diffusion Model (ADM)

−Encode, Process, Decode의 3가지 block으로구성되어있음

҉ Encode block에서 attention을 수행하여 point feature를추출함

҉ L개의 Process block을통해 self-attention을 수행하여 latent feature를 개선함

҉ Decode block을통해또다른 attention을수행, per-point feature vector를추출하고
아래와같은수식을통해 ADM 𝐺𝜃를최적화함

✓𝐿𝑀𝑆𝐸 = 𝐸𝐶0,𝑡[ 𝐶0 − 𝐺𝜃(𝐶𝑡 , 𝑡, 𝒮, ℒ) 2
2]

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)

𝒮 ∈ ℝ𝑁×6 : RGB point cloud
ℒ = [𝑤1, 𝑤2, … , 𝑤𝑀] : Language description
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• Main method

▪ Affordance-to-Motion Diffusion Model (AMDM)

−Human motion을 생성하는단계

−Language description과 affordance map을 사용, 최종적으로 motion sequence를생성함

҉ 𝑝𝜙 𝑋0:𝑇 𝐶, 𝒮, ℒ = 𝑝(𝑋𝑇) ς𝑡=1
𝑇 𝑝𝜙 (𝑋𝑡−1|𝑋𝑡 , 𝐶, 𝒮, ℒ)

−ADM과유사하게아래와같은수식으로 AMDM을최적화함

҉ 𝐿𝑀𝑆𝐸 = 𝐸𝑋0,𝑡[ 𝑋0 − 𝐺𝜙(𝑋𝑡 , 𝑡, 𝐶, 𝒮, ℒ)
2

2
]

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)
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• Result

▪ Implementation details

− Image, text encoder로 CLIP-VIT-B/32를 freeze하여 사용함

−ADM: A100 GPU 2개사용, GPU 당 batch size 64

−AMDM: A100 GPU 4개사용, GPU 당 batch size 32

▪ Datasets

−HumanML3D, HUMANISE

▪ Evaluation metrics

−R-precision, FID, Multimodal distribution, Diversity, Multimodality

−Goal distance: 목표지점까지의거리를나타냄

−Average Pairwise Distance (APD): 모든 data point pair 간의거리들의평균

−Contact: Human과 물체와의물리적접촉을평가함

−Non-collision: Human motion generation에서현실적인움직임을평가함

−Quality score: 생성된 motion의 품질을평가함

−Action score: 특정행동이나동작의성과를평가함

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)
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• Result

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)

HumanML3D test set

HUMANISE test set
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• Result

1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can1)

HumanML3D HUMANISE

Unseen scenarios
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