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Introduction



Introduction

What is World-Grounded Video HMR?



Introduction

Perceiving humans in self-driving scenarios is important



Introduction

[arXiv 2025] VideoMimic

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



Introduction
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[arXiv 2025] VideoMimic
World-Grounded Video HMR helps to train humanoid robots. (real-to-sim)



Introduction

[CVPR 2018] [ICCV 2023]
HMR HMR2.0
AMASS >
[CVPR 2020] [CVPR 2023] [CVPR 2024][SIGGRAPH 2024
VIBE SLAHMR WHAM GVHMR

History of human mesh recovery



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 5 Shape SMPL
7 Camera

Parameters

Input Image

[CVPR 2018] HMR

HMR leverages the SMPL parameters.



Per-frame Human Mesh Recovery: HMR

HMR 5 Shape SMPL
7 Camera
- Parameters
Input Image
Shape: PCA coefficients Pose: Rotation of 23 joints
N
\ \\/\’Z..//’ ’
”/
\\ 9—»

HMR leverages the SMPL parameters.



SMPL Pose:21x3

Shape: 10
Global orientation: 3

Vertices: Nx 3
Joints: Jx 3

The SMPL model is a parametric 3D human body model that represents realistic human shape and pose
with a low-dimensional set of parameters



Per-frame Human Mesh Recovery: HMR

L, €
9 Pose "
HMR /3 shape SMPL \ =
7 Camera .
|
Parameters KL

Input Image Mesh

Lsp = L3p joints + L3D smpl
Lioins = ||(Xi — X1)|[3

Lo = ||18:, 0:] — 185, 6:]]3.

HMR leverages the SMPL parameters.



Per-frame Human Mesh Recovery: HMR
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[CVPR 2018] HMR

HMR uses the prior of SMPL dataset.



Per-frame Human Mesh Recovery: HMR

Input Reconstruction Side and top down view Part Segmentation Input Reconstruction Side and top down view Part Segmentation

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



Video Human Mesh Recovery:

VIBE



Motivation of Video HMR

Pink = Single-frame Blue = Ours

[CVPR 2019] Human Dynamics

Human Dynamics leverages the temporal information.



Motivation of Video HMR
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[CVPR 2019] Human Dynamics

Human Dynamics leverages the temporal information.



Motivation of VIBE

Problem of Human Dynamics:
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[CVPR 2019] Human Dynamics

Human Dynamics produce physically implausible motion



Video Human Mesh Recovery: VIBE

Realistic Motion?

e fake S real

—

Motion
Discriminator

D

Figure 2: VIBE architecture. VIBE estimates SMPL body model parameters for each frame in a video sequence using a
temporal generation network, which is trained together with a motion discriminator. The discriminator has access to a large
corpus of human motions in SMPL format.

[CVPR 2020] VIBE

VIBE leverages the motion dataset prior (AMASS).



Video Human Mesh Recovery: VIBE

Fake or real?

[ICCV 2019] AMASS Lady = Eonpe[(Pm(©) — 1)

AMASS is large motion capture dataset. LDy = Eonpp[(Pu(©) = 1)*] + Eonp [P (©)?]



Video Human Mesh Recovery: VIBE

[CVPR 2020] VIBE [CVPR 2019] Human Dynamics



World Grounded Video Human
Mesh Recovery: SLAHMR



Motivation of World Grounded Video HMR

Problem of V-HMR:

 Handle only camera space.

g * AMASS

CNN

a’ %
Motion & /‘ \j Tﬁ\ \ "&t /g“

o P\ h * —— Leverage SLAM with HMR.

Figure 2: VIBE architecture. VIBE estimates SMPL body model parameters for each frame in a video sequence using a!
temporal generation network, which is trained together with a motion discriminator. The discriminator has access to a large,
corpus of human motions in SMPL format.

[CVPR 2020] VIBE

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



World Grounded Video Human Mesh Recovery SLAHMR

- SLAHMR, Input View

Input View

What is World-Grounded Video HMR?



World Grounded Video Human Mesh Recovery: SLAHMR

Input Video

Teaser of SLAHMR

SLAHMR predicts human mesh in world domain.



World Grounded Video Human Mesh Recovery: SLAHMR

Input Frames Initialization Minimize Global Human and Camera Motion

2D Keypoint
Reprojection

> 3 >

(1))

Motion Prior
Likelihood

S . J

Person Tracks

Framework of SLAHMR

SLAHMR predicts human mesh in world domain.



World Grounded Video Human Mesh Recovery: SLAHMR

Input Frames Initialization
s ri— ; ~
g "&'u, ‘”m [NeurlPS 2021] DROID-SLAM

Relative Camera Motion

ﬁ\ /# [CVPR 2022] PHALP

Person Tracks

Framework of SLAHMR

SLAHMR leverages DROID-SLAM for camera pose estimation.



World Grounded Video Human Mesh Recovery: SLAHMR

We have: Input video, predicted 2D keypoints

Input Video

Optimization object:
SMPL paramters

|

Pi — {(I)ia i: ﬁiari}

Global orientation(W) Global translation(W)

SLAHMR is global optimization method.



World Grounded Video Human Mesh Recovery: SLAHMR

We have: Input video, predicted 2D keypoints

Input Video

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

N T \ l

Baa= Y _vip(Ux(Re - “J; + oT}) — x}),

SMPL paramters —
1= —
l DROID-SLAM (pred)

i — {(I)ia i: /31,]?;}

e \ "I = M(U,606) + T

Global orientation(W) Global translation(W)

Optimization object:

SLAHMR is global optimization method. Camera frame SMPL (pred from PHARP)



World Grounded Video Human Mesh Recovery: SLAHMR

Input View e el SLAHMR, Input View . e

SLAHMR, Top View = SLAHMR, Side View

Results of SLAHMR



Recent Works



Motivation of WHAM

Input Frames Initialization Minimize Global Human and Camera Motion

2D Keypoint
Reprojection

> i >

dﬁ ﬁ p(If)

Motion Prior
Likelihood

Relative Camera Motion

Person Tracks

[CVPR 2023] SLAHMR

Global optimization method (SLAHMR) is so slow.



Motivation of WHAM

Problem of SLAHMR:

Input Frames Initialization Minimize Global Human and Camera Motion
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2. Foot sliding
[CVPR 2023] SLAHMR

— Use contact module!

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



@ GTtrajectory [ | TRACE [ ] SLAHMR (] WHAM (Ours)

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

WHAM is regression-based model and faster than SLAHMR .



@ GTtrajectory [ | TRACE [ ] SLAHMR (] WHAM (Ours)

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

WHAM is regression-based model and faster than SLAHMR



Input Video
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WHAM is regression-based model and faster than SLAHMR
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Input Video
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WHAM architecture

WHAM is regression-based model and faster than SLAHMR



WHAM
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WHAM is pretrained on AMASS dataset.



WHAM
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Finetuning on Video Data

[ICCV 2019] AMASS

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



WHAM enable feed-forward world-grounded HMR.



GVHMR



Input Video

Motivation of GVHMR

Problem of WHAM:
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[CVPR 2024] WHAM — Use Gravity-View coordinate!

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



Motivation of GVHMR

front view side view front view side view

Image Camera Coordinates Gravity-View Coordinates

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



GVHMR
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Camera Coordinate System

[ Multitask MLPs ) v
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Input Video Human Motion 8¢, 8,T"% , 7%,

GVHMR pipeline

GVHMR predicts world-ground human mesh
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GVHMR leverages Gravity-View coordinates system (3 dof -> 1 dof) .

(a) y= gravity (up)
(b) view = camera forward
(c) x=y xview

(d) z=xxvy

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



GVHMR GT : camara, world SMPL paramters.
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GVHMR is a transformer that maps per-frame features to SMPL parameters.
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GVHMR

| RICH (24) EMDB (24)
Models | WA-MPJPE1g0  W-MPIPE 00 RTE Jitter Foot-Sliding | WA-MPJPEjpp  W-MPJPEjqy RTE Jitter Foot-Sliding
DPVO[Teed et al. 2024] +HMR2.0[Goel et al. 2023] | 184.3 3383 7.7 2550 387 647.8 22314 158 537.3 1076
GLAMR [Yuan et al. 2022] 129.4 236.2 3.8 497 181 280.8 7266 114 463 207
TRACE [Sun et al. 2023] 238.1 9254 6104 15786  230.7 529.0 17023 17.7 2987.6  370.7
SLAHMR [Ye et al. 2023] 98.1 1864 289 343 5.1 326.9 7761 102 313 145
WHAM (w/ DPVO) [Shin et al. 2024] 109.9 1846 41 197 33 135.6 3548 60 225 44
WHAM (w/ GT gyro) [Shin et al. 2024] 109.9 1846 41 197 33 131.1 3353 41 210 44
Ours (w/ DPVO) 78.8 1263 24 128 3.0 111.0 2765 20 167 35
Ours (w/ GT gyro) 78.8 1263 24 128 3.0 109.1 2749 1.9 165 35
| 3DPW (14) RICH (24) EMDB (24)

Models | PA-MPJPE MFJPE FVE  Accel | PA-MFJFE MFPJFE FPFVE Accel | PA-MFJFE MFJFE FVE  Accel

SPIN [Kolotouros et al. 2019] 502 969 1128 314| 697 1229 1442 352 | 871 1403 1749 413
. PARE” [Kocabas et al. 2021a] 465 745 886 - | 607 1092 1235 - | 722 1139 1332 -
5 CLIFF* [Li et al. 2022b) 430 690 812 225| 566 1026 1150 224 | 681 1033 128.0 245
"L HybrIK* [Liet al. 2021] 418 716 823 - | 564 9.8 1104 - | 656 103.0 1222 -
S HMR2.0 [Goel et al. 2023] 444 698 822 181| 481 960 1109 188 | 606 980 1203 198

ReFit* [Wang and Daniilidis 2023] | 405 653 751 185| 479 807 929 171 | 586 880 1045 207

TCMR* [Choi et al. 2021] 527 865 1014 60 | 656 1191 1377 50 | 796 1276 1479 5.3

VIBE* [Kocabas et al. 2020] 519 829 984 185| 684 1205 1402 218 | 814 1259 146.8 26.6

MPS-Net* [Wei et al. 2022) 521 843 990 65 | 671 1182 1367 58 | 813 1231 1384 6.2

GLOT* [Shen et al. 2023] 506 807 964 60 | 656 1143 1327 52 | 788 1197 1384 5.4
_, GLAMR [Yuan et al. 2022] 511 - - 80| 799 - - 107.7]| 735 1136 1334 329
& TRACE* [Sun et al. 2023] 509 791 954 286 - - -~ | 709 1099 1274 255
(=h)
E' SLAHMR [Ye et al. 2023] 550 - - - | s25 - - 94| 695 935 1107 7.1
“ PACE [Kocabas et al. 2024] - - - - | 493 - - 88 - - - -

WHAM? [Shin et al. 2024] 359 578 687 6.6 | 443 800 912 53 | 504 797 944 5.3

Ours* | 362 556 672 50| 395 660 744 41 | 427 726 842 36

Qualitative results (Camera)



GVHMR
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Full Model
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(2) w/o T'gy (3) w/o Transformer

F:

F33

(5) w/o RoPE (7) w/o Post-Processing

Ablation study




WHAM vs GVHMR

Temporal modeling e Uni-directional RNN  Transformer (RoPE)

* End-to-end training on multiple
dataset.

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

Coordinate handling e Camera coordinate ->world « Camera +GV coordinate ->world

[CVPR 2024] WHAM [SIGGRAPH Asia 2024] GVHMR



Conclusion



Conclusion

»
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-Jathushan Rajasegaran (X.Al)
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Fig. 3. The geometric relation between the virtual camera M., for the cropped image
(the red rectangle) and the original camera My, for the full image.

[ECCV 2022] CLIFF
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HMR 2.0 : Tracking
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Query w/ Cross Attn MLP : ......................
Token G I E——| @ . e —_——
Do I —
T | Associate using pose, location, appearance

[ICCV 2023] HMR 2.0 (Human in 4D)
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[CVPR 2018] HMR

HMR uses the prior of SMPL dataset.
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Lg = L3yp + Lyp + Lsypr + Ladw

T

Lsp =Y _[IXe — Xill2,
t=1
T

Lsp = Z”Ie - f"t”‘ﬂﬁ
t=1

T
Loupr =8 = Blla+>_ 16 — 642

Lads = Eorps [(Du(©) — 1)7]

Loy = Eonps[(Pu(®) — 1)’ + Eorpg [Da (©)?] Dis: Prior loss

[CVPR 2020] VIBE



Appendix

Pi = {(I)za 62: /8151_\;}

Training object

SLAHMR is global optimization method.

projected 2D keypoints (pred)

l

N T
Buw =3 > vip([x (B, T, + o)) - x)).

i=1 t=1

DROID-SLAM (pred)
w']i — M(W(I)ia @i, 61) + wFi'

VPt — R—lc(I)i, W — R—lc i CIR_ITt,
i i i’ i t i 1

Camera frame SMPL (pred from PHARP)



Appendix

Pi - {(I)ia @;, /8151_‘;}

[V, 3i] = M(®1, 8}, ") + T}

camera motion o human motion = net motion.

Yol = R;'°®!,  “Ii=R;'li-aR;'T,

in = M(w‘iI)i,@i,,Bi)erFi.

SLAHMR is global optimization method.

N T
Eaa =) ) ¥ip(x (R - "I} + aTy) — x}),

=1 t=1
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N T
Esmooth = Z Z HJ; - J;+1”2°
) t

min Ada.ta Edata +A B E B + Apose Epose + Asm(mth E smooth

cx,{{""Pl' ?:1 }';Nzl
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Partial 3D Keypoints Noisy 3D Joints
"

HuMoR

Test-Time
Optimization
(TestOpt)

po(Salse_1) = f po(Zel$e_1)po (8112, $11)
Zi

— - -~ . e - e B~ ww g

Eenv — /\skatc skate + AconE’c(m

N T
Ecvag = — ZZIogN(ZZ;ue(Si_1)= o6(si_1))-
it

min /\dataEdata + A,B Eﬁ + APOSEEPOSG
«,g, {SO}z 11'

o o o (=Y, Eprior + Beny.
Zi — “fﬁ(siasz—l): S: - S;—l + Ag(Z%,Si_l).
N T J .
Egae = ) D> a@I3i(G) - I ()|
i ot [CVPR 2023] SLAHMR (loss from AMASS, HuMoR)

N

T J
* NN () max(d(Ji(5), g) — 6,0).
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