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✓ 3DHumanPoseEstimation(HPE)를하는데에는,일반적으로아래의두가지과정을거침
– 이미지또는비디오에서2Dkeypoint를추출
– 2Dkeypoint로부터3DPose를mapping

✓ 본논문에서는두번째과정에집중함
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✓ 3DPoseEstimation은아래와같은세문제가존재함
– 2D에서depth정보가없기때문에3D로바꾸는데모호함이생김
– 유연한인체와복잡한관절간의관계로 self occlusion등이생길수있음
– 현존하는데이터세트는 action class가많지않기에overfitting이발생하거나,복잡한
action으로뻗어나가기어려움
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✓ 이러한문제를해결하기위해,입력정보를개선함
1. 인간의 action class
2. 속도
3. 각부위가어떻게움직이는지
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✓ Fine-grainedPart-awarePrompt Learning(FPP)
✓ noise가들어간3Dpose에서원본을재생성하기위해2Dkeypoint(X), timestamp(t),
Embedding(P )가필요함

✓ FPP블록은 action class,속도,신체의움직임정보를Embedding공간P에인코딩하는
것을학습함
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✓ Fine-grainedPrompt-poseCommunication (FPC)
✓ 먼저,noise정보 Yt와X, t, P를합침

Zt = Concat(Yt, X) + P [L] + F(t)

✓ Zt를Spatial transformer(Multi-HeadSelf Attention)에넣어Zs
t 를얻음

– 한 frame내관절간의세밀한관계에집중가능
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✓ 추가로,CrossAttention레이어를추가하여P의정보를완벽하게주입한Zsp
t 를얻음

Q = WQZ
s
t ,K = WKP, V = WV P

CrossAttentionA = softmax(Q⊗K⊤/
√
d)

Zsp
t = A⊗ V, Z̃sp

t = P(Zsp
t ),P는PTS블럭

✓ Prompt-driven timestampStylization (PTS)
– PTS블럭은P와 timestamp t를선형으로결합하는블럭
– 복원중간에 timestamp정보를도입하여예측을세분화

✓ 이후pose의 frame간관계를모델링하기위해Temporal transformer에넣고,이를한번
더Spatial-Temporal transformer를통해3DPose Ŷ0을예측
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✓ FPP블럭을통해신체부위마다정확한예상을할수있음
✓ FPC블럭에서prompt와2Dkeypoint간세밀한관계를구축하여성능을향상
✓ PTS블럭을통해 timestamp정보를도입하여예측을세분화
✓ 이세가지를통해당시SOTA를넘을수있었음
✓ Multi-human scenario로도확장할수있으나,이를위해설계된것이아니기때문에계산
비용이높아지는것이 Limitation
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