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AI for Logical Reasoning

Deep Blue versus Garry Kasparov (1997) AlphaGo versus Lee Sedol (2016)



AI for Physical Motion

Boston Dynamics (2020)* Pre-programmed in a structured environment

*



AI for Physical Interaction

Boston Dynamics (2017)



Physical Intelligence



Learn physical intelligence by observing humans

Hmmm, but why learn from humans?



Applications

Interactive Household Robots Interactive Mixed Reality



Human Physical Intelligence

People

Objects

Manipulate
Provide affordances

(Gibson, 1966 &1979)



Understanding Physical Intelligence

Understanding = Perception ++ Generation

What I cannot create, I do not understand.

- Richard Feynman
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Understanding Humans



Girshicket al. 2011

Ganapathi et al. 2012

Ma and Wu 2014

Newell et al. 2016

Tompson et al. 2014

Insafutdinov et al. 2016

Cao et al. 2017

é

Articulated Human Pose Tracking
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Limitations
ÅLimited to 2D

ÅDepth-sensor based

ÅLacking generalizability

Baaket al. 2011Shottonet al. 2013 Wei et al. 2016

Cao et al. 2019

Zheng et al., 2019

Zhang et al. 2020

Kanazawa et al. 2018

é



Dushyant Mehta, VNect 12

Perception: 3D Human Pose

Å Uses a single RGB camera / community 

videos

Å Works for diverse scenes and subjects

Å Fast (>40 FPS)

VNect . Mehta, Sridhar, Sotnychenko, Rhodin, Shafiei, Seidel, Xu, Casas, Theobalt.SIGGRAPH 2017





GANerated Hands. Mueller, Bernard, Sotnychenko, Mehta, Sridhar, Casas, Theobalt. CVPR 2018

Perception: 3D Hand Pose



Sufficient for understanding?

Input Video Monocular Total Capture

Xiang et al., CVPR 2019



Sufficient for understanding?

VIBE

Alternate View

Kocabaset al., CVPR 2020

Animation Physical Interactions



Generation: Human Motion Prior

HuMoR . Rempe, Birdal, Hertzmann, Yang, Sridhar, Guibas. ICCV 2021 [oral presentation]

HuMoR :
3D Human Mot ion Model  

for  Robust  Pose Est imat ion

Davis Rempe , TolgaBirdal , Aaron Hertzmann , 
JimeiYang, SrinathSridhar, LeonidasGuibas

geometry.stanford.edu/projects/humor/

ICCV 2021 (Oral)

https://geometry.stanford.edu/projects/humor/


Key Ideas

1. Learned generative model of plausible 3D motion (HuMoR)

2. Time-time optimization (TestOpt) using HuMoR as a prior



State Representation

SMPL

Root

joint

SMPL

Root

Position/Vel Rot/Vel

SMPL

Body

Joint

Angles

Joint

Pos/Vel

Joints

Over-parameterizationof joint positions:

(i) Implicit through SMPL 

(ii) Explicit from state

Shape 

params

Loperet al., SIGGRAPH Asia 2015



Modeling Human Dynamics

ÅFor state at time 

HuMoR

Learn the plausibilityof a transition, i.e., distribution of dynamics
Distribution of

Transitions



Latent Variable Dynamics Model

ÅUse latent variable model

ÅConditional VAE

Generation:

ÅConditional Prior

ÅDecoder



Motion Model Decoder

Outputs:
Change in state 

Ground contactclassification

Autoregressive sampling

Deterministic rollout
aƻǘƛƻƴ άǇŀǊŀƳŜǘŜǊǎέ               
give 
Have prior on 

Autoregressive
Rollout



Training

ÅEncoderfor training on AMASS [Mahmood et al., ICCV 2019]

ÅLoss based on lower bound

ÅReconstruction, KL, consistency



Generation Results



Test -time Optimization





Fitting to 2D Joints (RGB)



Fitting to 2D Joints (RGB)



Fitting to 2D Joints + 3D (RGB -D)



Dynamic RGB Videos

Tsuchidaet al., ISMIR 2019



Human Physical Intelligence

People

Manipulate
Provide affordances

(Gibson, 1966 &1979)

Objects



Perceive and generate object properties 

such as class, pose, shape,é for novel 

object instances

Understanding Objects



Related Work
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Å 6 DoF Pose

Å 3D position

Å 3D orientation

Å Object dimensions

RGB(-D)

6 DoF Pose

Å Brachmannet al. 2014

Å Kehlet al. 2017

Å Xiang et al. 2017

Å Krull et al. 2016

Å Doumanoglouet al. 

2016 é

3D Object Detection

Å Gupta et al. 2013, 

2014

Å Engelckeet al. 2017

Å Song et al. 2016

Å Qi et al. 2018

Å Zhou et al. 2017 é

Limitations

ÅLimited category-level reasoning

ÅDatasets

ÅGeneralizability



Perception: 6 DoF Pose
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Ground Truth

Prediction

Wang, Sridhar, Huang, Valentin, Song, Guibas. CVPR 2019 [Oral Presentation]



Perception: 3D Reconstruction
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Pix2Surf. Lei, Sridhar, Guerrero, Sung, Mitra, Guibas. ECCV 2020



Perception: 3D Articulation

StrobeNet. Zhang, Litany, Sridhar, Guibas. arXiv 2021



NOCS: Normalized Object Coordinate Space
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RGB colors represent XYZ

coordinates of shape.

Canonicalize

Å Position

Å Orientation

Å Size

Å Articulation



Sufficient for understanding?

Motion over time. How do we 

reconstruct?



Generation: Spatiotemporal Change

CaSPR. Rempe, Birdal, Zhao, Gojcic, Sridhar, Guibas. NeurIPS 2020 [spotlight presentation]

CaSPR: Learn ing  Canon ica l  
Spa t io tempora l  

Poin t  C loud  Representa t ions

Davis Rempe, TolgaBirdal, YonghengZhao, Zan 
Gojcic, SrinathSridhar, LeonidasGuibas

geometry.stanford.edu/projects/ caspr/

NeurIPS2020 (Spotlight)

https://geometry.stanford.edu/projects/caspr/


Representing Dynamic Point Clouds

Goal:

Learn a representation from point cloud inputs that can capture 

and generate spatio -temporal changes in object properties . 



CaSPR Architecture


