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1. Introduction
Introduction

Humane Ai Pin

Apple Vision Pro

NVIDIA
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1. Introduction
Introduction

NeuralRecon [26] Ours

VisFusion [H Gao et al. CVPR. 2023]

(a) Omnidirectional video input

AdjacentView  /  Input View Adjacent View

(reference view) b// (current view) (reference view)

\d Ours

(b) Estimated spherical depth map (e) 3D rendering result with texture

EgocentricReconstruction [H Jang et al. SIGGRAPH. 2021]

S0 o & O e el emy

Total3D InstPIFu SSR DiffCAD Gen3DSR REPARO Ours

& Mp- 1

) Synthetic Data I Real-world Image —>]<— Stylized Image —>|

() Our spherical binoctree (d) Reconstructed scene geometry

PMVC [Chushan Zhang et al. CVPR. 2024]

Y

MIDI [Ze huang et al. arxiv. 2024] Neural 3D Scene Reconstruction [Haoyu Guo et al. CVPR. 2022]
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1. Introduction
Introduction

| Pick up the apple.

1 Sit on the chair and eat the apple.

If Human Motion is in the Scene, Motion will be interacting constantly!

-> Generate Interacting Object and Scene from Human Motion
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2. Related Works

Generating Using Diffusion !’ l ~g,_

Shape Latent MeshGPT: Autoregressive Mesh Generation

55
@ ), (1) ‘H ‘#I

Diffusion-point-cloud, [Sh|t0ng Luoet al. CVPR. 2021] MeshGPT [YaWar SlddquI al. CVPR. 2024]

—— -
an orangutan making a clay bowl on a throwing wheel*

a raccoon astronaut holding his helmet” a blue jay standing on a large basket of rainbow macarons*

DreamFusion [Poole B et al. arxiv. 2022]



2. Related Works
Generating MOtiOI‘I

“A person kicks with their left leg.”

“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

{ /<\ -
z )
/f» “A man runs to the right then runs to the left then back to the middle.”
»

a - r {, 268 v
—— <
‘! —~ ] ! . 4‘\
Ground-truth Our generation \x — = “walk with hands up” “walk and wave hands™
¢ z

T2M GPT, [J Zhang et al. CVPR. 2023] MDM [Guy Tevet et al. ICLR. 2023] GMD [Korrawe K. et al. ICCV. 2023]

“walk forward then lie facedown™ “walk while dancing™

Text + Key locations

Text + Key locations 11, ¥
’ + Collision avoidance

-
-
S
I =/
I | &=
3 . -

InterhandGen, [Jihyun Lee et al. CVPR. 2024] SceneDiffuser, [S Huang et al. CVPR. 2023] 05



2. Related Works

Most Related Works

Input Motion

Generated Scene 1

Generated Scene 2

(a) Input scene

(b) Synthesis result
LSDM [An Vuong et al. NeurlPS. 2023]

(c) Editing result
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2. Related Works

Most Related Works

Input Motion

Generated Scene 1

Generated Scene 2

AT

(a) Input scene

(b) Synthesis result

LSDM [An Vuong et al. NeurlPS. 2023]

(c) Editing result

How about using short motions for Live?
How about predicting objects directly?

How about predicting
without any text-guidance?

ex. Put Chair Under the me and Next to bed
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2. Related Works
Limitations

Ground Truth (Blue), Predicted (Red)

PRO-teXt
Baseline CDJ] EMD] FI7
Jaschalidou et al., 2021) 2.0756 1.4140 0.0663

VIMON (Ye et al., 2022)
MIME (Yi et al., 2023)
2023) + text embedding
MCDM

2.1437
2.0493
1.8424
0.6301

1.3994 0.0673
1.3832  0.0990
1.2865 0.1032
0.7269 0.3574

LSDM w.o. text (Ours)

0.9134

1.0156 0.0506

LSDM (Ours)

0.5365

05906 0.5T60
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3. Method

System Architecture

Denoising Conv 1D U-Net

Human Motion Seq

InteractFormer
e Contact Points
o O c -
> < O N
G = O
_O‘ LN ] .E 8
o
(BD a O
7 —
latent z

Noised Input

| Conv 1D |

Timesteps t

MLP

emby;

Main Purpose: Generating 3D Object, from Human Motion, Using Contact Points

¢

MLP

emb,,

[

Point 3D
Conv

\

emb¢

| Conv 1D |
| Conv 1D |
| TransConv 1D |

| TransConv 1D |

| TransClonv 1D |

Pred Xstart

Final Output (3D Object in Point Cloud)




3. Method
Efficient Motion Data Format

SMPL Parameters (axis-angle)

0

Easy to Understanding Full Body
Low Computation Cost
Less into about specific body (like Hand)

Point Cloud of Human Body Surface

High Computation Cost
Helpful for providing condition
to Generating 3D Object
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3. Method
Dealing with 4D Data (3D Point Cloud + 1D Time)

Temporal Info « :
Spatial Info
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3. Method
Encoding Human Motion Sequence

s

x (W // temporal kernel size)

Transformer
Encoder

Human Motion Sequence
(WX N X 3)

P4D Block 32, 64,128
P4D Block 128,128,256
P4D Block 256, 256, 512
P4D Block 512,512, 1024

I

FPS

Grouping

Axyz At

Center
Loss (Ax, Ay, Az) MEP

Ground Truth

Object None

Chair
-

Table
Sofa

Ii

latent z

Loss Calculation for Latent Space, with Object Center and Category

Conv 2D

Max-pooling

Sum-pooling

N

P4D Block
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3. Method
Decoding Human Motion Sequence for Contact Points

r \
Original Pl AR RIERIE
riginal Planes 2 (12 ][=]]8
sllslls]18
—+ I N ISl N CrossEntropy Loss
sz
i e H © > Ground Truth
[a]
oo | | oo || 5 || a0 label
ell2]|2]]:2
sll1231131]°3
O (9) Q (9}
) ) & o)
o ()] [a) o
q J

latent z

Point 3D
Conv

7T

Contact latent z
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3. Method
Conditional Denoising U-Net for Generating Object

v

Timestep emb; -
e S <~
< |2 ]38 ~ Y I e | ChamferDistance Loss
O — [\l — O (e o] <t
S o = LN L0 (@\] O
<t [e8) O N —
. © S ~ S o a a
Motioninfo | ems, | —PD—X7 12 H = H o @ =H=SH =
RIEIE s Sl 2|z
O S S m c c ©
S © =
- = Ground Truth
Contact Info embg > Object

v

Denoising Conv 1D U-Net
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3. Method
Conditional Diffusion - Forward Processing

T—1
q(xXiq1lxe) =N (\/1 — Bt Xt /3t1) ,q(x1:7(%0) = H q(Xt41]X¢)
t=0

Given Point Cloud X, add Gaussian noise each timestep with specific noise standard deviation
Using Cosine Scheduler for adding noise
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3. Method
Conditional Diffusion - CPG Sampling

Based on DDIM sampling, We used Contact Points Guidance (CPG) Sampling.
Calculate Gradient for distance between Contact Points <> Predicted Objects, during DDIM Sampling steps
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4, Datasets
Datasets

~ Real Data

PROX, 43 sequences (about 1 min)
HUMANISE, 126 sequences (less 1 min)

!

Splititinto 1-second short sequences,
with the object it is most frequently in contact

HUMANISE

| . b

ScanNet v2

/’"

£

"

et
B e
s

= Ag," xo

£
)(
&

‘ Walk to the refrigerator
§
Lie down on the bed ' e
.
B

Sit on the toilet

' Human Motion Sequence: (W X N X 3)

Target Object: (M X 3)
Contact Label: (W X N X num_class)
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4, Datasets
Datasets

Ground Truth: Bed, but any object you can sit on will be allowed!
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5. Results
Quantitative Results - InteractFormer

PROX HUMANISE
F11 Acc. T Contact. 1 F11 Acc. T Contact. 1
POSA 0.1269  0.1964 0.2257 0.0607  0.1100 0.1550
ContactFormer 0.2548  0.7646 0.7793 0.2151  0.7195 0.7416
Ours 0.4577 0.8828 0.9029 0.2279 0.8048 0.8423

Contact™: Evaluates whether points are in contact with any object,
Our model achieves the best results in all three metrics for predicting Contact Points.
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5. Results

Quantitative Results - InteractFormer

None
[
S- 0.154
2
‘T- 0.007
O
u
[
2 ©
S5 §- 0.001
o wn
2
'_
[
S - 0.001
©
©- 0.000
o

POSA

Predicted Labels

Chair

0.151

0.244

0.192

0.053

0.019

Sofa

0,153}

0.270

0.103

0.066

0.020

Table

0.259

0.232

Bed

0.283

0.248

ContactFormer

Predicted Labels

None Chair

()
S 0.034
2
T 0.050
O
n
(]
2 ©
S s 0.053
o (2]
2
'_
0.094

Table

T+ 0389 0.072
[+a]

Sofa

0.028

0.048

0.057

0.048

0.022

Table

0.053

0.032

0.097

0.096

0.043

Bed

0.074

0.164

0.043

0.039

0.474

True Labels

Confusion matrices for each of the three models

InteractFormer (Ours)

Predicted Labels
None Chair Sofa Table

2 0015 0.032 0.013
2
E 0.001
O

0.004

Sofa

0.650 0.001 0.001 0.348

Table

0.313 0.008 0.400 0.003

Bed

Bed

0.013

0.000

0.004

0.000

0.277
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5. Results
Quantitative Results

PROX HUMANISE
CD| EMD/ F1 Score 1 CD| EMD/| F1 Scoret
LSDM with no text 0.6252 0.9319  0.1961 0.8239 0.8665  0.1521
LSDM with GT Category text 0.5854 0.8874  0.2416 0.6098 0.8428  0.0826
Ours 0.2982 0.6134  0.3662 0.4259 0.7704  0.1940

Our model achieves the best results in all three metrics
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5. Results
Qualitative Results

Ground Truth

Input

Pred Cont. Points

Pred Object

Applying SAP
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5. Results
Qualitative Results

Ground Truth Input Pred Cont. Points Pred Object Applying SAP
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5. Results
Qualitative Results
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6. Conclusion

Conclusion

1. Without any guidance or other information, Generating interactive objects using only human motion.
2. Using contact points predicting models, Explainable results are derived.

3. Live applications are possible using short motion sequences (about 1 second).
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6. Conclusion

Future Works

1. Using Synthetic data with exist Motion Diffusion Model
2. Apply for Scene Reconstruction, using Generated Objects

3. Combine with Sensor-to-Motion, for Sensor-to-Object
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