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Background

« SMPL
SIE

-CIME MEP) + AtM(6) TEFO|EH 2 #2245
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= Parametric body model

=]

£H 3D M E =

-SMPL
MM FA Ol BE
cEeedhd 2= 530 =F
g 7|2 00 X| |

-SMPL-X
“SMPLZ 2%l 5 OI4 2
5+ =+ 8= REE HH
=7fe et gy ot

ﬂ 417 TH8hD

SOGANG UNIVERSITY

o

7] It

—

VDS

-
‘D
m



Background

« SMPL
» Method

-
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Background

 Human Mesh Recovery
s
-CH O[O X|0| A SMPL L}2t0|EH & & FHt= end-to-end 22 PR3
-3 O[O|X[0|M 2D A2 HE — 3D N4 S &Z |lo 2FE 2[4 =8 = d2
-2D/3D 2= S| Z= {ISH Adversarial Prior = &
-SMPL Ltef0|H 7t A& QA 220 £S5t S X<
~Pose / Shape S 7t= HIO|H 7|92 2 regularization2 = QHH 3}
- Iterative Error Feedback(IEF) T-2& AlE
-Pose / Shape S7t= O|O|H 7|8t2 2 regularization2 2 QHH 2}
- O1+1=0r+A® (Iteration B Z+0HE F=3H)
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Background

* Projection

- Orthogonal Projection
-3D ¥ (x,y,2)0lA #0| & zE FA|St1 2D B

FE

%8 x=X y=Y

- Perspective Projection
-3D H (x,y,2)0l M 702t S 7|&2 = 2D BHO| &F x=f _ L
-210] 701 w2t 2D YIXI7} BN EE R HY A

- Weak-Orthogonal Projection
-TH =M2l B fO0|T HrESH0] ddo = A}
b}

x=sX+t, y=sY+t,
- F = =7 HMRO| O] &F HAS A&

\
— g =
,/r— \

<Orthogonal Projection> <Perspective Projection>
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TokenHMR: Advancing Human Mesh Recovery
with a Tokenized Pose Representation
[CVPR 2024]
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Introduction

* Motivation
- 7|Z HMRS|
-3D ground-truth?} £& 8t in-the-wild 2H-8 0| A 2D keypoint supervision2
3D pseudo-GTO|| 2|ESIY h&
-2 A Ty
-2D alignment 45 1 3D pose J2tkE |
-+ Camera model mismatch2 QIot =X SHA

- 7| & HMRE| otAHE

-71& A5t= == Ho|He| it F2EO HF
-Supervision AtA| 7} 3DE =g o= UCH= HO| 25HAH EM X §ES
(b) HMR2.0 predictions (C) GT bodies in HMR2.0 camera
GT bodies in HMR2.0 camera Keeping the 2D alignment,

How different the 3D pose can be?

i

rendering
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Introduction

» Observation
- 7 ¢l
-Camera Model Bias
o CHE-E Weak-perspective E£= 1173 El camera® 7422 2

1 Z1f 3D — 2D projection error =4

-Pseudo-GT Supervision
2D Keypoints + X El camera 7’32 7|P2 2 Hd
HZ2E 3Dposes DHLE o5&

-Camera parameterg & = = = 0|A 2D supervision2| HEZ FX|SHHA|
3D pose ‘S E FX|

2D alignment HFEZ|
= —p  LFZEX|TE 3DO]| A
; 4 C|E20ls DB UrAY
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Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Method

* Threshold-Adaptive Loss Scaling: TALS
- Pseudo-GT7| 8t 3D pose loss& =&
. K| OF HH

g 22N 4 O|M OI—.OI = QA

B
o

-_rL-.'?'_-3P7| flet AKX 4™
ASIA 3D loss &

-
_O
=

= 2D loss?F LA Bf
2 2D loss/F A2k O|'<'5}O|_I

= 3D Pose Loss (p-GT)
: HMR2.0 0| &
2
16— 6]l

2
ag - [|6 = 6|

pose vs BEDLAM 3D GT pose
if[’eﬁGT > &g

otherwise

LQWGT =

- 2D Keypoints Loss
-¢&7,, - BEDLAM GT 3D pose — 2D Keypoints vs BEDLAM 2D GT keypoints
if L]ZDPGT > €p

ap = J2n,|
szDpGT o a ) |] —J | otherwise
- Jap /2D J2Dg
+ ZH2 2D/ p-GT 2Xt0f CHst DbEoh £| M3} WX
- o5 I 0A 3D pose 2HEE 7A
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Method

* Tokenization

- Continuous Pose Regression2| A
-7|Z& HMR= 22 = g5 HEHZ 3|

-2D loss B A HEZC = QI8l 3D = — SE[H2 2 Z715T posed M
- Tokenizer
- Valid Pose SpaceE 2t&0t= Prior 2 &
- Tokenizer T2 (VQ-VAE)
-SMPL body pose
0 =[0q..,0,], 6,€Ré = O[LF EF AFAZ HES
-Encoder

z = E(6) ,pose% =5 latent representation 2 = =

1 Contin. Contin. i
E tokens Codebook tokens :
0 — > 0
' Encoder 1/9/9|4||6 Decoder !
'\ Discrete SMPL Pose Tokens ,'
R A4 TSk D (a) Tokenization VDS
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Method

» Tokenization
- Tokenizer T2 (VQ-VAE)
~Codebook (2t5 7Is e AHA| Vocabulary)
: CB = {c;,}¥_{ , AMASS H|O|E| 2ZE BtHSt pose embedding A &2
- Quantlzatlon
7 = arg min 7 — il
” Encoder7} gqur A< HE 2,8 Codebook 20| 74E 7177h2 HIHZ X|2t
-Decoder
= MocapOl| Al St5 =l pose prior& = XI0H7| Il freeze
-Overall Loss
v Lyg = AgeLlpe + AeLe + AeLe = AgeLre + Acllsglz] —ell; + Acllz — sglelll,
= Tokemzer7f 2l poseE 20| SRS ZA|

Contin. Contin.
tokens Codebook tokens

0 — > I:

Encoder 119/9|4|-|6 Decoder
Discrete SMPL Pose Tokens

T S e S e e e e

R A% U8k D (a) Tokenization VPES
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Method

» Architecture

» Backbone
-HMR2.0 Vison Transformer

- Workflow
-SMPL pose'E Body pose / Global orientation 2 £ £2|ot0{ =&
Body pose
vmanifold T+Z0|7| IfZ0| Tokenization &-&
vToken logits Q 0= — Softmax(Q) x Codebook — Tokenizer decoder — Pose
- logit Q [B, M, K] : pose= T+'35t7| £t codebook EZ MEH H==
vSoftmax & & O| &

“Z= O-(QMXK) X CBygxp = Z
. I MEHS Ol 32 B2 HI0] S5 2 755 &

___________________________

(T T p————— . @ O] ! :
o Pose i .g:l]:-]] ; Contin. .
@ | | classification [~ 3 i g tokens Decoder 0

—_ o . 3 { :
3 R ! = Global NN : |
S & ko &» orientaton ™9 ‘Codebook :
o CDD 118 § Shape I'B ___________________________ l

1 (0]

' ' 7|Z HMR2.0 : 126D M¥ 3|9

; Camera Wt = . e

1

Heads, ! TokenHMR : Token logit Q 0%
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Method

* Architecture
- Workflow

Global orientation
vl 2| M0[ 7| =0 Linear Regression -2

» [Loss
-3D GT Dataset Loss

o Lgr = gLy (9» Hg) + AgLp (ﬁ:ﬁg) + A3pLsp (]3D:]3Dg) + A2pLop (]2DJZDg)

-3D p-GT / 2D Dataset
: TALS M &
- Total Loss
= Lrotar = Lo7 + Lo,6r T Lgypper

_______________

___________________________

i E Contin.
* tokens

___________________________

Pose
classification
Global
orientation

Shape

abew|
auogyoeqg

Jawliojsuel |

R PR (b) TokenHMR
KA1

SOGANG UNIVERSITY 14

-SMPL poseZ Body pose / Global orientation 2 2 22|50 F£

—

Decoder

0

VDS

LAB



1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Experiments

MVE : vertex $IX| W 2%}
MPJPE : 2E QIX| a7 2%k}

* Quantitative Result PA-MPJPE : B $ B 2%}
Training | Method | EMDB [27] | 3DPW [55]
Datasets | | MVE MPIPE PA-MPJPE | MVE MPIPE PA-MPJPE
SD HybrIK [31] 122.2 103.0 65.6 94.5 80.0 48.8
SD CLIFF [32] 122.9 103.1 68.8 81.2 69.0 43.0
SD HMR2.0 [12] 120.1 97.8 61.5 84.1 70.0 44.5
BL BEDLAM-CLIFF [3] 113.2 97.1 61.3 85.0 72.0 46.6
BL HMR2.0 106.6 90.7 51.3 88.4 72.2 45.1
BL TokenHMR 104.2 88.1 498 86.0 70.5 43.8
SD + ITW HMR2.0 [12] 140.6 118.5 79.3 94 4 81.3 54.3
SD + ITW TokenHMR 124.4 102.4 67.5 88.1 76.2 493
SD +ITW + BL | HMR2.0 120.7 99.3 62.8 88.4 77.4 47.4
SD +ITW + BL | HMR2.0 + TALS 115.7 96.7 58.5 89.6 73.5 46.8
SD +ITW + BL | HMR2.0 + Token 116.1 95.6 62.2 86.6 75.0 48.0
SD +ITW + BL | HMR2.0 + TALS + VPoser [42] 116.8 97.9 56.4 87.1 73.7 457
SD +ITW + BL | TokenHMR 109.4 91.7 55.6 84.6 71.0 44.3

<SOTA H|2=E2} ot HO|H =0 HE g5 Hlu>

Crop 30% | Crop 50%
MVE MPIPE PA-MPJPE | MVE MPIPE PA-MPJPE

HMR2.0[12] | 135.24 (+14.98) 113.39 (+14.13)  70.68 (+7.86) | 166.71 (+46.45) 137.88 (+38.59)  90.30 (+27.48)
TokenHMR 124.09 (+14.71)  104.72 (+13.01)  62.13 (+6.52) | 150.29 (+40.91) 125.99 (+34.28)  78.88 (+23.27)

Method

<O[O|X| Cropping 2B A ZH-d E7t>

S
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Experiments

* Qualitative Result

—
D
N

HMR2.0  TokenHMR Input

—
O
N

In
BL+SD+ITW put

TokenHMR TokenHMR
BL
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1) Dwivedi, Sai Kumar, et al. “TokenHMR: Advancing Human Mesh Recovery with a Tokenized Pose Representation.” CVPR, 2024

Experiments
 Ablation Study

= Tokenizer

st G| ol E
| | AMASS [37] | MOYO [52]

| Method | MVE| | MPJPE| | MVE| | MPIPE |
1024 x 256 11.5 4.6 27.1 15.7
3] 2048 x 128 9.4 3.1 22.5 12.3
2048 x 256 8.3 2.2 19.9 10.4
e 80 12.5 4.1 24.4 16.7
2 160 8.3 2.2 19.9 10.4
= 320 8.1 1.9 19.0 10.1
2 Yes 8.3 2.2 19.9 10.4
> No 7.9 1.9 21.0 11.5
HIAE 0 o|Ef AMASS +MOYO* | 87 | 26 | 165 | 76

<Tokenizer Ablation study>
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BLADE:Single-view Body Mesh Estimation
through Accurate Depth Estimation

[CVPR 2025]
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Introduction

* Motivation
- T O|O|X|Of| M QA B + ZIH[2} D20 E SA| = =X
~AFEHO| ZHO| E}E-‘?‘-H He| BN QULCh= 73 — Near-Orthograpic Projection A&

~Focal length 3 translation= heuristicotA| &7

-2 A 2tE 0] oHA
~Close-range O|O| X|Of| A| ZSF Perspective distortion ‘& ‘X
-3D pose D=2t 2D alignment Zt trade-off 2 Y

Input image (1) Crop (2) (Pose,R) from crop

g r
@ (3) (f,T) from heuristics  (4) Final rendering
or predicted T,

/ T = 2(cx—w/2)
I Top view =t bbox ,
2(cy —h/2)
Ly=ayt s - wbbox
_ sh-Tz .
Ground Truth f =—,— oraconstant Previous Methods

R AW THEE D VDS
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Introduction

 Observation

- Perspective distortion2| XjH 2|

- Perspective distortion= focal length f [l 0| OfL|2} T,0f 2[5 27
. 7|= HiAIO| @ =

-2 =2 |}QIZ focal length = LFE QI Al

- Orthographic — perspective H2t0]| heuristics AF&SIHA X =5

SHAl E X}

"o o=

~Heuristic 2fA4!0f| Q| ESIX| U Z

- T,& =2|ot1 Z=25| =74SIH pose, shape, camera Lf2t0|H 2K &
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Method

=k
- Single image/} O M2 [f d=+SF 3D human mesh recovery & good 2D alignment

« SMPL-X
SMPL — X verticeS[Xm, Vm, Zm] aS: [X, ¥, Z] = [Xm, Ym» Zm] + [Tx, Ty, TZ]

Linear Impact

- Perspective projection

X y) Xm + Ty .
u,v) = —-,— = . » Nonlinear Impact
wv) = s

- T, 7t O[] = Het

AR A —— — 0.000
IEqual diStOI’tiOn Change in 00 05 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

Different image size  distortion z

.9} Fo| YL T,o Tt ABEATL UG

2% Thdkan | VES I
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Method

 3-Step Workflow
= Predicting Z-Translation T,
- T,-aware Pose Estimation

« Camera Solver

2)

&
Pose Estimator”

Trainable Copy

fos 4 8.6)

T, Encoder

Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Max(loU)

. . SMPL-X p— '
% pose
T, -Conditioned Pose Estimator F' ) > D;ffe,enﬁauej '_."“
»| Rasterization | . ‘ o
DepthAnythingV2 f\(»l ﬂ é
- £ 3 A .
=i v T = [0,0,T,] Final Estimation
DPT T frt=h ® f, 1)
T fi
m Head Head Camera Solver
Box Crop TZ
I Pelvis Depth Estimator F'z
crop

ﬂ B THEED
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Method

* Predicting Z-Translation T,

AF2EO| Perspective distortion= 7t 2F A 2] T,0f 2|s 278 =
- T AEl(<1.2m)0f| A off= B[dEH o= F7t
- Pelvis Depth Estimator Fr,

-Backbone : DepthAnythingV?2 (freeze)

- 2= : Crop Image
-Z= 9 : Pelvis depth T,

= Depth Loss
Ldepth = 1/TZGT ’ ”Tz - TZGT”1

DepthAnythingV2

Transformer DPT o Iz
Head Head

I Pelvis Depth Estimator F'z |
crop =y

ﬂ B THSED VDS
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Method

Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

» Tz-aware Pose Estimation

c AIOSE FHHI2IQF H2|7F M ALEE Q=2

&5 510
- AiOS : THY O|O|X| 2 2 E SMPL(-X) H %

=l —=A2| H==0
£ 0=
» Pose Estimator

= HMR 22
-Backbone : Pretrained AiOS (freeze)
- Trainable copy + Zero-MLP residual
- 2= : Image, Predicted T,

: SMPL-X (5, 0)

- Pose Network Loss

o0
-=9

L= WShapeLShape + WposeLpose + WjointLjoint + WyertLvert

7

Pose Estimato

\

Trainable Copy

,““\‘ s
\“
Pose
Head (,B; 0) \ \
)
1 W
T, Encoder
Input Image 7 SMPL-X

A B
S

T T, -Conditioned Pose Estimator FP%5¢
SOGANG UNIVERSITY
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Method

» Camera Solver
- T,7F D& (T, T,)= the alignment Lt 20| E
- 27| B3 . 10,0, T,], f (init) = image height
- Differentiable Rasterization
-SMPL-X mesh — binary mask rasterization
- Segmentation mask ‘3 &
-ToU Z|Cli 2ot e & | X o}
ZNer =8
424 Ol

~Mesh mask vs Segmentation mask (2| X, scale @2 % camera parameter =)

—_— -

4
——
Differentiablej I

Rasterization |
9

‘"}. Person

Rerjd‘er call §

Person

SMPL-X

\(\ Tinit = [0,0,T,] B Bt ation (a) Initialization (b) Optimize (f,T) |  (c) Final Results
¥ ¢.1) T=OOLL " =k GO@
Camera Solver
R AW U | VDS I
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Experiments

* Quantitative Result

2)

Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Methods

SPEC-MTP [15] (real-world capture)

PDHUMAN [31] (synthetic)

BEDLAM-CC (synthetic)

Er,\ Eyjp. | Br,, | Efl PVELmloUT Er_| Ey 1| Er, | Efl PVE| mloUt Er, | E1 /7| Er, | Efl PVE| mloUt

ZOLLY [31] 0.899 0.394 0.906 1.063 126.7 62.3 |0.255 0.355 0.267 0.273 82.0 53.0 |0.539 0.634 0.564 0.461 131.8 51.8
SMPLer-X*[29] 0.980 0.450 0.109 1.121 102.6 53.0 |2.223 1.030 0.126 0.550 161.2 47.6 (2.057 1.172 0.087 1.349 139.9 53.0
TokenHMR*[8] 0.909 0436 0.095 1.121 1243 49.7 [2.280 1.034 0.068 0.550 156.7 53.0 {2.378 1.200 0.096 1.349 136.4 54.2
AiOS*[29] 1.035 0464 0.121 1.121 110.9 48.7 |2.312 1.024 0.149 0.550 183.4 49.5 |2.340 1.197 0.111 1.349 143.0 54.6
Ours 0.129 0.114 0.056 0.163 111.9 68.7 [0.106 0.176 0.043 0.216 80.5 67.3 [0.326 0.305 0.079 0.257 111.6 74.6
Ours (real-world) 0.127 0.112 0.044 0.159 99.6 69.5 |0.107 0.178 0.049 0.223 102.6 65.2 [0.325 0.305 0.076 0.212 106.8 75.0
<SOTA H|2EQF X H| >

ETz: z translation HC| X}

E1/1z: inverse-depth 2 X}

ETxy : X, y translation L2 2X}

Ef : focal length2| &L X}

PVE : 3D O] &=

mloU : 2D Alignment

VDS

SOGANG UNIVERSITY
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Experiments

* Qualitative Result

(Tz=0.70m)

L P P
(Tz=7.13m) (Tz=1.62m) (Tz=0.83m)
AiOS ZOLLY BLADE (Ours) Input

<SOTA HAEQF AR H| o>

g AW THED | VES |
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Experiments

 Ablation Study
- Depth backbone
- Conditioning

DiNOv2 [27] Sapiens[12] DAv2[33]  Ours
Er. | 0.300 0.210 0.154 0.127

<Depth backbone Ablation study>

PA-MPJPE | MPIJPE| PVE]

raw AiOS 62.816 101.577 110.851
ft. AiOS 64.932 113.173 120.582
Ours (7% cond.) 56.666 94.050 99.635

<Conditioning Ablation study>

R A%l 3.',‘-‘1‘- VDS
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2) Wang, Shengze, et al. "BLADE: Single-view Body Mesh Estimation through Accurate Depth Estimation."” CVPR, 2025

Result

 Limitation
- Single-person imageOf| CHSHA{2F 1124

- Pinhole camera O| 2| 2| Z}0|2F EFR 1} lens distortion 1124
XSt 4O Al

—

—_—

}OP

- Segmentation mask’/f O % &

]

* Conclusion
- Single image = E{ human mesh recovery2} perspective camera estlmatlon SA| =2
- Orthographic camera model 2t §10| perspective projection parameters =8 XS

R B THSED VDS
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