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Introduction

What is World-Grounded Video HMR?



Introduction

Perceiving humans in self-driving scenarios is important



Introduction

World-Grounded Video HMR helps to train humanoid robots. (real-to-sim)

[arXiv 2025] VideoMimic
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Introduction

History of human mesh recovery

[CVPR 2018]

 HMR

[ICCV 2023]

 HMR2.0

[CVPR 2020] 

VIBE

[CVPR 2023] 

SLAHMR

[CVPR 2024] 

WHAM

[SIGGRAPH 2024] 

GVHMR

AMASS



Introduction

Goal of this presentation

[SIGGRAPH Asia 2024] GVHMR

Understanding GVHMR.



Per-frame Human Mesh Recovery: 
HMR



Motivation of HMR 

[ECCV 2016]  Stacked Hourglass Networks for Human Pose Estimation

Traditional Human Pose Estimation (HPE) methods regress human keypoints.



Per-frame Human Mesh Recovery: HMR

HMR leverages the SMPL parameters.

[CVPR 2018]  HMR



Per-frame Human Mesh Recovery: HMR

HMR leverages the SMPL parameters.



SMPL 

The SMPL model is a parametric 3D human body model that represents realistic human shape and pose 

with a low-dimensional set of parameters

SMPL

Pose : 21 x 3 
Shape: 10

Global orientation: 3

Vertices: N x 3
Joints: J x 3



Per-frame Human Mesh Recovery: HMR

HMR leverages the SMPL parameters.



Per-frame Human Mesh Recovery: HMR

[CVPR 2018]  HMR

HMR uses the prior of SMPL dataset.



Per-frame Human Mesh Recovery: HMR

HMR enables the 3D reconstruction of human pose and shape.



Video Human Mesh Recovery: 

VIBE



Motivation of Video HMR

Human Dynamics leverages the temporal information.

[CVPR 2019]  Human Dynamics



Motivation of Video HMR

Human Dynamics leverages the temporal information.

[CVPR 2019]  Human Dynamics



Motivation of VIBE

Human Dynamics produce physically implausible motion 

[CVPR 2019]  Human Dynamics

• Produce jittery and

physically implausible motion

 

Problem of Human Dynamics: 

Use motion data prior! 



Video Human Mesh Recovery: VIBE

[CVPR 2020]  VIBE

VIBE leverages the motion dataset prior (AMASS).



Video Human Mesh Recovery: VIBE

[ICCV 2019]  AMASS

AMASS is large motion capture dataset. 



Video Human Mesh Recovery: VIBE

[CVPR 2020]  VIBE [CVPR 2019]  Human Dynamics



World Grounded Video Human 

Mesh Recovery: SLAHMR 



Traditional V-HMR methods predict motion in the camera coordinate frame.

Motivation of World Grounded Video HMR

Problem of V-HMR: 

[CVPR 2020]  VIBE

• Handle only camera space. 

 
Leverage SLAM with HMR.



What is World-Grounded Video HMR?

World Grounded Video Human Mesh Recovery: SLAHMR 



World Grounded Video Human Mesh Recovery: SLAHMR 

Teaser of SLAHMR

SLAHMR predicts human mesh in world domain.



World Grounded Video Human Mesh Recovery: SLAHMR 

SLAHMR predicts human mesh in world domain.

Framework of SLAHMR



World Grounded Video Human Mesh Recovery: SLAHMR 

SLAHMR leverages DROID-SLAM for camera pose estimation.

Framework of SLAHMR

[NeurIPS 2021] DROID-SLAM

[CVPR 2022] PHALP 



World Grounded Video Human Mesh Recovery: SLAHMR 

SLAHMR is global optimization method.

We have: Input video, predicted 2D keypoints 

Optimization object:

Global orientation(W) Global translation(W)

SMPL paramters



World Grounded Video Human Mesh Recovery: SLAHMR 

SLAHMR is global optimization method.

We have: Input video, predicted 2D keypoints 

Optimization object:

Global orientation(W) Global translation(W)

SMPL paramters

predicted 2D keypoints (GT) projected 2D keypoints (pred) 

DROID-SLAM (pred)

Camera frame SMPL (pred from PHARP) 



World Grounded Video Human Mesh Recovery: SLAHMR 

Results of SLAHMR



Recent Works



Motivation of WHAM

Global optimization method (SLAHMR) is so slow.

[CVPR 2023] SLAHMR



Motivation of WHAM

Global optimization method (SLAHMR) is so slow (~ 260 minutes per 1000 frames). 

.

[CVPR 2023] SLAHMR

1. Slow

2. Foot sliding 

Problem of SLAHMR: 

Use feed forward model!

Use contact module!



WHAM

WHAM is regression-based model and faster than SLAHMR .

Teaser of WHAM: SLAHMR fails to capture global 3D human traj when given in the wild videos.
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WHAM architecture
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WHAM

WHAM architecture

WHAM is regression-based model and faster than SLAHMR



WHAM

WHAM is pretrained on AMASS dataset. 

Training of WHAM



WHAM

[ICCV 2019]  AMASSTraining of WHAM

WHAM is pretrained on AMASS dataset instead of using prior loss. 



WHAM

WHAM enable feed-forward world-grounded HMR.



GVHMR 



Motivation of GVHMR

WHAM is autoregressive model, so there is error accumulation in long-term motion.

[CVPR 2024] WHAM

• Large error in long-term motion

Problem of WHAM: 

Use direct transformer!

Use Gravity-View coordinate!



Motivation of GVHMR

In camera coordinates, a person may appear inclined due to the camera’s roll and pitch movement.



GVHMR 

GVHMR pipeline

GVHMR predicts world-ground human mesh 



GVHMR 

Gravity coordinates system

GVHMR leverages Gravity-View coordinates system (3 dof -> 1 dof) .

(a) y = gravity (up)

(b) view = camera forward

(c) x = y × view 

(d) z = x × y

The only remaining degree of freedom
 is rotation about the gravity axis (yaw).



GVHMR 

GVHMR is a transformer that maps per-frame features to SMPL parameters.

GVHMR architecture
Input: LxHxWx3 (video)

Bbox (L,3)
from YOLO or GT 

Kp2d (L,34)
from ViTPose or GT 

img (L,1024)
from HMR2.0 

Rot (L,6)
from DPVO

cw: camera param Γ_c: Cam to SMPL θ, β :SMPL param Γ_GV :GV to SMPL

GT : camara, world SMPL paramters. 



GVHMR 

Qualitative results (World)

Qualitative results (Camera)



GVHMR 

Ablation study



WHAM vs GVHMR 

[CVPR 2024] WHAM [SIGGRAPH Asia 2024] GVHMR

Temporal modeling • Uni-directional RNN • Transformer (RoPE) 

Training signal • Pretrain on AMASS, finetune 
on video features.

• End-to-end training on multiple 
dataset. 

Coordinate handling • Camera coordinate -> world • Camera +GV coordinate -> world



Conclusion



Conclusion 

“Intelligence emerges from observing, interacting, and continually learning from other intelligent systems.”
         -Jathushan Rajasegaran (X.AI)

https://brjathu.github.io/blogs/research_june_2023.html
https://brjathu.github.io/blogs/research_june_2023.html
https://brjathu.github.io/blogs/research_june_2023.html
https://brjathu.github.io/blogs/research_june_2023.html
https://brjathu.github.io/blogs/research_june_2023.html
https://brjathu.github.io/blogs/research_june_2023.html
https://brjathu.github.io/blogs/research_june_2023.html
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[ECCV 2022]  CLIFF
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[ECCV 2022]  CLIFF



Appendix  

[ICCV 2023]  HMR 2.0 (Human in 4D)



Appendix

[CVPR 2018]  HMR

HMR uses the prior of SMPL dataset.



Appendix  

[CVPR 2020]  VIBE

Dis: Prior loss



Appendix

SLAHMR is global optimization method.
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DROID-SLAM (pred)

Training object

projected 2D keypoints (pred) 

Camera frame SMPL (pred from PHARP) 

DROID-SLAM (pred)



Appendix

SLAHMR is global optimization method.



Appendix

[CVPR 2023]  SLAHMR (loss from AMASS, HuMoR)



Appendix

[SIGGRAPH 2024]  GVHMR 
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