Cascaded Diffusion Framework for

Probabilistic Coarse-to-Fine Hand Pose Estimation
S Fooh CE Taeyun Woo, Jinah Park, and Tae-Kyun Kim

ECCV 2026 | MALMO | SEPT 8-12 KAIST
— Motivation ~ ~ Method N
. ; : . ; 4
(a) Stage 1: joint diffusion (b) Stage 2: Mesh Latent diffusion ([—— A
‘ // Scale —
. , .
Off—te-shelf estimator . Denoised latent x, ! MLP- -
4 ' 4 Frrge 1 / / Scale, Shift <
R — E / features Image Linear and Reshape / Layeégom
Ground truth / | /// >Scale a;
Image Estimated 3D hand mesh GT Latent F———— @ Image Layer Norm / Multi-head
; | ; -
2D keypoint | | o features ) Self-Attention
N Gaussian noise Gaussian noise Denoise L Mesh T DM Block DX N Seale. Shift  <12P2
e a ~ e~N (0,1 3D keypoint ’
(Ours) Probabilistic cascaded model e~N(O, D) 4 | A - ) Layer Norm
v \ N
(Ours) \ / / \ / / Patchify Embed \ S(II-D1 0
« a TP ! \ cale —
Deterministic | Probabilistic @ O @ D Denoised |\ Image-feature
Methoa cascaded single-stage Cascaded . it pipestept -y
diffusion Ground trgth Noisy ?D _~~ ] Denoised Noisy y ¥ Deneiced Ty N oisylLat -~ \\ Scale, Shift -l
3D keypoint keypoint U 3D keypoint I aterit U [ atent Reconstructed \ Layer Norm MLP
Pipeline Coarse-to-fine Single-step Coarse-to-fine Hand mesh | mput Tokens ;:
N Joint diffusion Mesh LDM N Y
iverse .
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Refinement Step-by-step Lacks fine details St(e+pL-abtye-§;c)ep « Stage 1 (Joint Diffusion) samples diverse, plausible 3D joint hypotheses from noise, conditioned on off-the-shelf 2D keypoints.
Joint . . . . « Stage 2 (Mesh LDM) denoises in the learned latent space using a DiT-based framework, conditioned on sampled joints and image features.
condition Single (fixed) None (image only) Diverse
Under » Our key idea, distribution-aware learning, exposes the mesh stage to diverse joint hypotheses as a training condition, so reconstruction remains
. Error propagates | No joint guidance Remains stable . _
occlusion stable under coarse joint errors and occlusion.
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« Competitive across FreiHAND, HO3Dv2; strongest on DexYCB (4.5 P-MPJPE / 0.911 AUC)
« "Proposed (best)" rows are oracle upper bounds (GT-selected among N samples), shown for analysis..
» Averaged prediction matches or approaches SOTA without ground-truth selection.
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Joint condition P-MPJPE | P-MPVPE | F@5 T FQI5 T . o i AND HO3Dv?2 - Coarse-to-fine cascaded diffusion: joint diffusion (Stage 1) + Mesh LDM (Stage 2)
OAifr:atrl;,eg_escllliljiLiQ] g} g*i g'zgg 833; Spate P-MPJPE | P-MPVPE | P-MPJPE | P-MPVPE | + Joint diffusion (Stage 1) generates diverse 3D joint hypotheses; Mesh LDM (Stage 2) reconstructs mesh conditioned on a joint
Proposed = 0 = 9 0816 00992 MANO 5.70 5.82 7.81 7.81 » Diverse hypotheses used as a training signal (not final outputs) — distribution-aware joint-mesh learning.
Proposed (best) 4.2 4.5 0.866 0.995 Ours (latent) 5.00 5.23 7.50 7.92

* Competitive on FreiHAND & HO3DvZ2, best on DexYCB; remains stable under occlusion & pose ambiguity.

» Joint condition: Diverse joints improve over single condition — diversity as training signal works
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