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Background

* Human pose estimation
s
-0|0[X| EE= B0 ALEel 22 S HESHO 2D E= 3D 22 E 22 B
- T A
-Top-down approach
- AFEF O] BBOXE detectionSt1l, BBOX LHF 0| M XM S S
‘- Bottom-up approachOf| H|S ‘H=t=7F = X3 10FF ALZFO| B0 £E7F =&
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Background

e Evaluation metric

= OKS (Object Keypoint Similarity)
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DynPose: Largely Improving the Efficiency of Human Pose
Estimation by a Simple Dynamic Framework

[CVPR 2025]
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1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!

* Introduction

» Problem statement

- Top-down HPE(Human Pose Estimation)= S2t5HX| 2t AAt @58 7| A+ &=
_I

-2 g7t 22 AN 2|2 dEeE S0l 2EdE Vi
-NMS(Non-Maximum Suppression)= M -&dll = 0{ H3| B2 BBOX7I =X
:BBOX7/t O = 7|4 B[ & AtA|7F X o2 S7¢

- Key contribution

JH

~-Top-down HPE2| K282 ME CIYMO0| F& 0|2t M %= FH
QS MEO) HES QA XIS BT ol BEER

HEoto] 2 utH 0l 55 g
- Router2t 5= 72| HPE(small/large) R 22 SOl & &
-ResNet-50&HRNet-W32 £ 8H2 S8l HRNet-W32 CHH| Het e | X|5HH 50% &= e
- C}-2 backbone/datasett| M = X<t 30| B & 7t
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1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!)

* Introduction

- Sample diversity
-HEO| OAFE(HO| )2 F 7HX| STHOA &
-Pose diversity
 APM|Z7F LEFE OIX| O 2, occlusion & 2210 &

-Box diversity

2 A0 ¥2 BBOXE AR M B FEE SX| 7L 2Ea% HZ40| A
B0 R2 MEC R NMSE M8t A= ZHO| B2 BBOXE MdY

vCOCO valOf| Al 600071 2| HEZ0i CHSH 14BH7H 2| BBOXE Bt

R s = »___
OKS:0.99 OKS:0.99 OKS:0.95 OKS:0.98 OKS:0.72 OKS:0.79 OKS:0.05 OKS:0.44 OKS:098 OKS:0.99 OKS:0.95 OKS:0.98 OKS:0.85 OKS: 0.96

OKS:0.16 OKS: 0.47

Easy Hard Extremely Hard Easy Hard Extremely Hard

Sample diversity
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1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!

e Method

= Overall architecture
-Crol W20 S AL XS SHe 2 2 E5I0 F2 S oy
- 1702 router2t 271 2| HPE 2 & (small/large)= A&
-Router= = HE0ICH & & T OjC|2 2 & A4
- Small network: = W2 X|2F =t B
- Large network: & == =2[X|TF Ha2tE: =
Al

s
T Y 4T OH JHsS0, 5 F1E

Inference ﬂ
. “Extremely Hard” :%: 5
e Pretrained

others

Train —— with gradient

——— w/o gradient

““ Pretrained

-~ —»  Router

ky <s<k,

Overall architecture
HE TR |VDS|
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1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!

e Method

= Overall architecture
SMEO| Y HO|E Ha s

:':s = Router(l),s € (0,1)

Ol F B == pose diversity 2} box diversityS 2F S
- HO| = 3THA|

- Easy: smalldf large &+ 22 25 Z=ot 0| = 7ts

o
' Hard: small = 20| A= O] X[t large 2 & O| A= F2SHA K2
C|

=

'« Extremely Hard: 5+ 22 2 5 oHA|0 25 ¢
=2/ 2 ggoX0|A S2f8}7| 20| AHZ XA o|0|7} Q= AL

Train — with gradient Inference

——— w/o gradient

“Extremely Hard”

o
»

L

) “% Pretrained
.
* others

:¢I¢ Pretrained

Router
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1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!)

* Method
- Lightweight router

H W
~Image | € R3*¥*W _, channel average pooling + max pooling — F, € R"2*%

-Fy= 4THA 2| convolution 7|8 layerZ X 2|

SGE(C(Fi—1)), (€{13},

= peonv(C (L), i€ (24)

-F,Z flattenS}0] £|ZH 2= FE 21 0| & HO| = H=s= Het
S = U(W2(6(W1F + bl)) + bz)

9494

(6) Global Average Pooling (N) Normalization

(®) Position-wise Dot Product

7
i
'
i
1
|
i
|

(a) Convolution (b) Depthwise/Group Convolution y
47 Input/output
. . . &P Filter
* @ - * Convolution
() Partial Convolution (ours) —> Identity X X
Partial covolution Spatial group-wise convolution
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SOGANG UNIVERSITY 10



1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!)

* Method
- Optimization strategy
-Router &t5 = H

2 MBO| X HO|ES B 4 AUEE Ha 2
A

HF 2 A| supervise

;o HHOI = X| B 2 small, large & 22 295 X0
-OKS2| A0|2h ALE S Z2 & & 7H AKX S
S HEO| HE| M EQ
- OKD | 2t

17 i0,,0
i:ldp

57,
- Router@| 4= sOf| CH St 1oss H O]

)2

-D

Ds—D
-Loss, = (s — =

Object Keypoint Distance

Y

Easy Hard Extremely Hard

OKD (Object Keypoint Distance)

ﬂ B THED

SOGANG UNIVERSITY 11



1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!

* Method

- Inference strategy
-TE EHA0M 2t MEF 0| = 5O 2t & A St network A1 EH
- Ol Ha= 50| AL ky, k& BT
S large networkOf] & & H|=
-HAE ME S routerg AN HsE
{Sai S3 - San
- AA L k2 - El 2 6(hyperparameter) AFE
siky = San + 0(S3h — San)
—k, = large ZEHZE NM2[2 H|E2 p%0ll XFAM 2
sk, Off 7HE 10 s ) et

_ ¢ J+Inxp%]
S, kz - Sall

1510 & = o M=HE 9| trade-off M| Of

o
= &7
o] oEkaoE HI

S

SOGANG UNIVERSITY 12 LAB



1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!

* Experiment

- Experimental setup
-MMPose Z2f| 30| A 2eE T
~G|O|E{All: MS COCO 2017
-100,0007H2| 2= ME = St&, COCO valt|M 452 B7t
-Detection =2 2! 2 Faster R-CNN= A&

- Efficiency improvement of DynPose

Model | APs; AP | FPST FLOPs|
ResNet-50 80.8 718 | 313 5.45G
Dyn-R50-H32/25 | 90.3 735 | 297 6.21G
Dyn-R50-H32/50 | 90.6 748 | 270  6.76G o4
Dyn-R50-H32/75 | 90.6 748 | 252  7.32G : o
, < Distribution of samples Extremely Hard
HRNet-W32 90.6 749 | 223 7.69G E 03 o e iy
ResNet-101 904 728 | 261 9.01G = . -
Dyn-R101-SL/25 | 90.5 740 | 151  17.19G g 09 . :
Dyn-R101-SL/50 | 90.6 743 | 106  25.18G g . -
Dyn-R101-SL/75 | 90.6 743 | 81 33.16G 2 0.1 . .
Swin-L 90.6 744 | 66  40.96G E : i _Efl§Y_ i ' :
ResNet-152 904 736 | 208  12.75G ol : P
Dyn-R152-VL/25 | 90.9 76.9 132 24.42G 0.57 0.61 0.65 0.69 0.73
Dyn-R152-VL/50 | 91.4 78.0 | 93 35.90G The Value of s
Dyn-R152-VL/75 | 914 780 | 73  47.39G
ViTPose-L 914 782 | 59 58.68G
R s TN D VDS
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1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!

» Experiment

- Comparison with the SOTA
- A 2F backbone 7|2 2 2!: TokenPose, PPT
-Distillation 7|2t 2 &: OKDHP, DistillPose, SDPose
-SDPose= 4 & T+ X2} distillation 7| = 230t [ A soTA 2 &
2

= 4
-DynPose= & & R A O =2 APt E& %

Method | APs AP7;; | APy AP, | AR | GFLOPs | AP
TokenPose-S*[21] 88.7 79.0 68.3 78.5 77.0 4.7 71.8
TokenPose-B*[21] 89.5 80.2 70.1 79.8 78.7 5.2 73.2
PPT-S*[27] 87.7 76.8 66.1 76.7 75.1 2.0 69.8
PPT-B*[27] 89.5 80.8 70.3 79.8 78.8 4.7 73.4
OKDHP-2HG(23] 91.5 79.5 69.9 77.1 75.6 25.5 72.8
DistilPose-L[40] 89.9 81.4 71.0 81.8 79.8 10.3 174.4
SDPose-S*[4] 89.5 80.4 70.1 80.3 78.7 4.7 173.5
Dyn-M2-H48(ours) 90.6 82.1 71.2 81.8 80.3 8.8 175.0(10.6%)
Dyn-M2-H32(ours) 90.5 81.5 70.6 81.0 79.7 4.8 $74.3(10.8%)

Compare with the SOTA

R AW THEE D VDS
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1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!)

* Experiment
- Strong Generalization Ability
- B 7 Yyt
:': Dyn-R50-H320| A St& S router LH2t0|E{ & CHE W E 0| L2 FO
' Small network: ResNet-50, MobileNet-V2, ShuffleNet-V2

' Large network: HRNet-W48, Swin-L, ViTPose-L
_GO|Ef Al 7+ bt}

;= COCOO|| A 2& Bt DynR50-H32 router& CrowdPoseOl| M &3 = H& FX|

Netsmal Netiarge | FPS FLOPs | AP Model | AP;, AP | FPS FLOPs

MobileNet V2 - 415 1.58G | 64.8

ShuffleNet V2 i 457 137G | 602 ResNet-50 80.8 63.7 | 313 545G

ResNet-50 - 313 545G | 71.8 Dyn-R50-H32/25 | 81.8 65.6 | 297 6.21G

- HRNet-W48 | 161 15.75G | 75.6 Dyn-R50-H32/50 | 823 669 | 270 6.76G

MobileNet V2 HRNet-W48 | 222 886G | 74.9 Dyn-R50-H32/60 | 824 67.3 | 258  6.98G
ShuffleNet V2 HRNet-W48 | 238  8.75G | 75.1

ResNet-50  HRNet-W48 | 210 10.79G | 75.4 HRNet-W32 82.5 615|223 769G
Swin-L 66 40.96G | 74.4

MobileNet V2 Swin-L 115 21.46G | 73.9
ShuffleNet V2 Swin-L 123 21.36G | 73.8
ResNet-50 Swin-L 108 23.40G | 74.3

- ViTPose-L 59 58.68G | 78.2
MobileNet V2  ViTPose-L 110 30.32G | 77.5
ShuffieNet V2 ViTPose-L 119 30.22G | 77.6

ResNet-50 ViTPose-L 98  32.26G | 78.0

” 5“ C“ &;.Jl. Generalization across models Generalization across datasets (CrowdPose | VDS |
SOGANG UNIVERSITY 15 LAB




1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!)

* Experiment

H ablation =M

Pooling PConv SGE | Time(ms) | AP

- Ablation study
-Router 7|8t & ™ EF 2 radom A& e H| WS 228 S
-Router &2 24 E ¢lol +4 24
— 751 ‘ | | | HRNet-W32 |
& T4 -
<
8 73 _‘»“/ -+~ Random ||
8 72 —=— Router [
ResNet-50

0 20 40 60 80 100
Split Ratio (%)
= Visualization of results

Easy

OKS: 0.99

| 052 | 74.64
Vv 0.10 74.71
V Vv 0.09 74.73
V v 0.13 74.78
V v v 0.10 74.81

Table 5. Ablation study of the router designs

Extremely Hard

OKS: 0.95 OKS: 0.92 OKS: 0.47 OKS: 0.16
score 0.58 0.63 0.66 0.68 0.70 0.72
A szugka | VDS I
6 SOGANG UNIVERSITY 16 La



1) Xu, Yalong, et al. "DynPose: Largely Improving the Efficiency of Human Pose Estimation by a Simple Dynamic Framework." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

DynPose!)

e Conclusion

- IR MEO| Lt (O] =) 7t top-down HPE Z&-9| dal Q0
Aot

-HO|EHE XA D HEof ME2 B St= DynPose =2 & <

EH Az Mo

_$% _||-I'l 0‘”A‘| routerjl' §A|a2§ network 7c:>|§ 7Ed§->|

I_

'« Easy S Extremely Hard = — small network

':Hard & — large network

R 41 TH8E D
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A

ProbPose: A Probabilistic Approach to 2D Human Pose Estimation
[CVPR 2025]
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?

* Introduction

» Problem statement

- 7| & top-down HPE+ gaussian heatmap= 7| &
'+ Gaussian heatmap= A XA 2HE E L 2f %OEI ICHD 27| R E= -?-|X| QK E

(x=2

o

~Heatmap peak Tt AF23t 0 23X MH E 2 ESIX| oD Z HE &4 i
- 0| O] X| 5¥9| keypoint= St5 S B0 A FA|
O

ote Al BV X' A
- Key contribution
- Probability map &= &: Zt EA 0| keypoint =X ZEZ &M 0|6 22 &
-Expected OKSLoss: OKS A|®# & 7|l ¢l JEI= B2 stg 20 AHE
- Presence probability: keypoint”} activation window SH0i| =2 HEZ 2 O|=
;+ OO X| Q& keypoint H=tE 45% &S

-Random cropping: B A §f HIO|H XS 543 in-image/out-of-image 0| 5 2+ 24!

R AT THSED VDS
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?

* Introduction

= On the types of keypoint

Dataset A B C D E
COCO train 96.2 3.5 00 02 0.0
COCO val 958 3.9 00 02 0.0
CropCOCOval | 68.8 22 235 0.1 5.3
OCHuman 992 0.8 0.0 00 0.0

Keypoint distribution

SOGANG UNIVERSITY

Area visualization
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Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

1)

ProbPose?

* Method
- Probability maps and loss function
7| & A0 Al= 173 =l gaussian heatmap HEH S| S H 42 IHEMH MSER ot
Sst& 2 WHEX| 2t =3 A1t XX 7t gaussian FEHO| ZotAH| B2k
M| keypoint Y X| 27} gaussian =2 E [[ECHE O|2XHQ Z2H B
- ProbPose= -5 2| heatmap L&l probability map= Ol =
T4 ol g4t 10| Bl 2 gl

Heatmapdt= CFEA| Sparsemax activation &

- Localization probability p; (x;)

sipL(x) = p(x; | kj € AW, img)

S 2xeaw P (X | kj € AW, img) = 1
N

'+ Z- keypointOFCH 7 & probability map= 7

VDS

21

R 447 CH 8k
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?V
 Method

- Probability maps and loss function
- Expected Risk Minimization
:OKS 7|Hrisk& HE 2 ALt
- Expected risk Rexp (X;)
Rexp(xi) = (1 — OKS(x;)) - p(x;)
- 52 %Ol CHRE 22 Loks (%)
2t Loks (%) = (1 — @) Rexp (%) + a g(x;)
- 04| = keypoint ZtH 7} OfL| 2} probability map M A0l OKSE & &
2 OKS HAEU HE2 2E, =2 0KSs gl =2 =SEE 79
- g(x;)= Soble HLKXIZ A LS heatmap 7| 27|12 o 2 MO &= izt S
3ot 80| Yo T =S WOl WS utH e ol

tot

& =20 7=

- Keypoint estimation t£ Tt OFL| 2}, 90% ZHE £ keypointE Z&ot= Y €2 2=H
HE ‘ts

ﬂ 447 CH 8k
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?

 Method

- Probability maps and loss function

-Gl

 argmax decoding

CHBYUOIN T 5 YA SLEE M
Oi Y TAO| OKSE YOt 2K D2SIX| #S - BE HEES B2

- Expected OKS

":Eoks(¥) = Yy eawPr (%)) OKS(xj; x)

=
= = L
- THE WSk X[ HO| OfL 2t 2 =H&0| EA M s 9= UH

ﬂ AW THEE D

SOGANG UNIVERSITY

1245t Expected OKSZ}F Z|CH 7t £ = R X[ = M EH

(a) Predicted probability map (b) Expected OKS V DS
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1)

Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?

* Method
= Presence probability
- 7| & top-down HPE+= keypoint”} activation window Li/2| F0] A =X[E HA|H 2
CHEX| &S

- Activation window 512 89 22X &l 0| =0| Zddi = MZ|SH7| o=

- Presence probability= keypoint”} activation window LHO| E=X{ & =HE 2 2|0
;' BCE(Binary Cross-Entropy)& 7|2t =2 2} 24 O presence probability =

vi2 L&, 02 2 &

-Random cropping= & i A{ activation window 2| F At & HH3I ot&

o il
-578 YA e S X85t AL O[T A0 = 2 F = BHESHY Bk X2
;= Tk confidence & Al 44 2 Cf presence probability 7| 2|5 EHEHO| & 2 10pXN

U szutta
S

SOGANG UNIVERSITY

VDS
24
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?V
» Method

» Calibration

oo el 2En A Y HE XL ME( T off At AL 1 EH0] 2 eHE

ot

;' Probability map2} presence probability =25 calibratione T
- Probability map & 2| k%2| EA=0| T K| keypoint2| k%S L 2tdt= Aoz HTY
- Presence probability= 0| ¢t 2tE1t HA| - Bl F LX|A[7]|7] {5 EEZ TAS

- CropCOCO datasetOf| A| temperature scaling= & -&95f O|F0{ %

. Zj
izf ==
’ T

0.0

Probability map calibration curves Presence probability calibration curves

ﬂ AW THEE D VDS
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?V
 Method

- Crop image augmentation
- O[O]X| 2| & keypoint i*ﬁ% flofl 2= 2t2E Q10| =f5 HO|HA =
:COCO O|O|X[Z F2 Ol&, 27 Y2 HeEtA activation window T+
' Crop strength(0~1) 2£0| 2 =5 [ &efM O|0|X| /& AtY & B &
- Probability map &

=22 O| O] X| LHO|| B keypoint”} activation window LHOf| &0 L X|EF O] O] X|
I:H-EE ol 2

- Presence probability SH&

2 2L S| activation windowS SO

Crop image augmentation
T oHdha VDS

' SOGANG UNIVERSITY 26




1)

Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?V
 Method

- Enlarging activation window size

- O|O|X| 52| keypointE O Fet U HOtL} HE
s+ Eh#= 3| activation window =& 27 o} o
-Double heatmap 242 X| F
'+ Expert heatmap= AFE0L0 EE 18 7|2 LX|St= &
keypointZg & 2SHA fIX| =78

rlo

activation window LH 2]

'« ] 2 activation windowOl| Al = 5 = probability map= &0l & 2| U= keypointE
Ei.*

\
|
l
|
l
I
l

e l-uwi# !

a) Traditional top-down method b) Double-heatmap approach
A entha (a) Traditi p-dow (b) Dou p app |VDS|
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?

e Data

- Evaluation metrics
-7|& X[EQl OKSLt PCK= O|O|X| LI E 9| 2ttt 2l = keypoint':.'i g7t
s AN 2 EXMOHA| 2= keypointE 0| FH = Al LA FA|
~ProbPose= keypoint”| activation windowO| U=X|F HHEStLL, localization B7H E 7t
- Activation window 42| keypoint= & 7}5t7| S Ex-OKS(Extended OKS)E = &
-Ex-OKS
(=15

S E=R=IDN x;, presence probability=S & 7}

(de(xf, ), ifpy=1Apy =1,
de (AW, x;1), ifp, =0 A Py =1,
de(x;, AW), ifp,=1 A Py =0,
L 0, otherwise

d?
;' Ex—0KS(i) = exp <— - )

2k?2 g2

g AW THEE D N | VDS I
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1) Purkrabek, Miroslav, and Jiri Matas. "Probpose: A probabilistic approach to 2d human pose estimation." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

ProbPose?

e Data

= CropCOCO
-2 = A2 coco IO Ao A st5otn Tl
- O|0| X| H} keypoint d== H7t5t7| 6] A== H|O|EH A @l CropCOCOE =&
|

£ keypointZ| activation window 2| 5-0f|
21X PEE -3

- 2| THE T Ql0f T3t

CropCOO . OCHlIr‘nan
R AT THSED N |VDS |
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ProbPose?

» Experiments

- Compare with the SOTA
- ProbPose-s= H|O| 22212l ViTPose-s CHH| localization ‘35 &t
71 2 48 a2 CropCOCOO| A 2
' ProbPose= crop S &= &0lA] O[O0 X| & keypointe == ds= &g

- ProbPose-s-DH(double heatmap) &A= 5= A[Of2F MR ALO| Q] trade-off= 25|
COCO2} CropCOCOOM £ H&0| &% of%*

;- ot = 0| 0/0|3HH, OCHumanO| M= A|OF=t & 2 0t2 9I5| Hs 7

A

—

a1

Model COCO CropCOCO OCHuman

ode mAP Ex-mAP | mAP Ex-mAP | mAP Ex-mAP
HRFormer-s [ 7] 75.2 746 | 70.9 64.3 | 60.3 60.0
PVTV2 [2¢] 72.0 71.5 | 70.7 63.1 | 58.5 58.1
SWIN-t [ 5] 73.5 729 | 713 65.0 | 58.1 57.9
ViTPose-s [ 7] 75.9 753 | 727 66.5 | 60.3 60.1
ProbPose-s 76.6 76.4 | 81.7 73.9 | 604 60.2
ProbPose-s-DH 76.2 754 | 80.9 714 | 614 61.2 :

Compare with the SOTA | | Labeling error
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ProbPose?

» Experiments

- Presence probability vs confidence

- ProbPose= keypoint7 | activation window LH/2|F-0] A=X|E 2 QISH7| {5l presence
probabilityS =&

- CropCOCO T H| 7| &, presence probability’} & F LFE 2F30% 42
'+ Confidence= ¢ K| 2-&1F =X THEHO| A QO E7HO| 0=
- Presence probability= =X B 2 St HHE[0] HE A Y
- Balanced subset(positive/negative & 2) A= LEE = 45%7H K| AL

1.0
0.8
>
[°)
£
=]
]
© 0.6
c
2
]
o]
o
L= g
T 0.4
n
8
]
0.2
- confidence
- presence probability
0.0 T T T T " r
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Threshold
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ProbPose?

» Experiments

- Ablation study
- Probability map Tt AF-&
- COCO H|O|E{ M0 M keypoint localization 22 SkAf gk
:': CropCOCO2| out of image | Al = E=0| 2 A Xt

- Crop augmentation @t =&

;= COCO2} CropCOCO 25 localization ‘S 0| Z&SH1, out of image HE 2t
- Probability map + crop augmentation

;'+ Crop augmentation2t M- EW 2 [} 5Lt 45 FAl

;' Probability map= SOl A &&% 9 5|44 0| 75 &
crop p-maps || COCO CropCOCO
X X 76.0 73.7
X v 76.4 72.4
v X 76.6 81.7
v v 76.6 81.7
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ProbPose?

* Conclusions

St

- HeatmapOl| A| probability map2 2 M ZtSET presence probability S 274 0| 5 5t=
ERIEERT

- Expected OKSLossZ2 2t5 5! ® 7151, Expected OKS =& TN E &1 0=
A EXMO| S|M0| 7=
- Presence probability 7} 7| = confidence & A2k 7|2t &&F E L} activation window
el e TE Q58 I 2
- Crop augmentation© = in- 1mage/0ut of-image ‘S g BF g
~CropCOCO O|O[H Al X|2t= &3l out-of-image ‘3 BS 7ts
-COCO2| BBOX &4 Eft”'%' =M= 20| HEL K| H&
-S5O A 2t=tE(LE 7L A0 E 24 2
VDS
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