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Figure 1. Tlustration of Fine-grained Prompt-driven Denoiser (FinePOSE). FincPOSE, the proposed diffusion model-based 3D
human pose estimation approach, enables multi-granularity manipulation controlled by learnable modifiers (e.g., “action class”, coarse-

and fine-grained human body parts including “person, head, body, arms, legs”, and kinematic information “speed”), boosting motion
reconstruction for single human and multi-human scenarios.
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Figure 2. The archi

ture of the p

P

d FinePOSE. In the diffusion process, Gaussian noise is gradually added to the ground-truth 3D

poses Yo, generating the noisy 3D poses Y, for the timestamp ¢. In the denoising process, Y, X and ¢ are fed to fine-grained prompt-driven
denoiser D to reconstruct pure 3D poses Yo. D is composed of a Fine-grained Part-aware Prompt learning (FPP) block, a Fine-grained
Prompt-pose Communication (FPC) block, and a Prompt-driven Timestamp Stylization (PTS) block, where FPP provides more precise
guidance for all human part movements, FPC establishes fine-grained communications between learnable prompts and poses for enhancing
the denoising capability, and PTS integrates learned prompt embedding and current timestamp for refining the prediction at each noise level.
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Human3.6M (DET)

Human3.6M (GT)

Method N Year
Detector ~ MPIPE |  P-MPIPE | Detector ~ MPIPE |, P-MPJPE |

TCN [29] 243 CPN 46.8 36.5 GT 37.8 / CVPR'19
Anatomy [6] 243 CPN 4.1 35.0 GT 323 / CSVT"21
P-STMO [33] 243 CPN 42.8 344 GT 29.3 ! ECCV'22
MixSTE [52] 243 HRNet 398 30.6 GT 21.6 / CVPR'22
PoseFormerV2 [54] 243 CPN 452 356 GT 355 ! CVPR’23
MHFormer [19] 351 CPN 43.0 344 GT 30.5 / CVPR22
Diffpose [10] 243 CPN 36.9 287 GT 18.9 / CVPR’23
GLA-GCN [48] 243 CPN 444 348 GT 21.0 17.6 ICCV™23
ActionPrompt [55] 243 CPN 41.8 295 GT 227 / ICME’23
MotionBERT [59] 243 SH 375 / GT 16.9 ! ICCV'23
D3DP [34] 243 CPN 354 287 GT 18.4 / ICCV™23
FinePOSE (Ours) 243 CPN 319 25.0 GT 16.7 127

(-3.5) -3.7) (-0.2) (-4.9)

Table 1. Quantitative comparison with the state-of-the-art 3D |
number of input frames. CPN, HRNet, SH: using CPN [7], HRNet [39], and SH [24] as the 2D keypoint detectors to generate the inputs.

e

thods on the H

3.6M dataset. N: the

GT: using the ground truth 2D keypoints as inputs. The best and second-best results are highlighted in beld and underlined formats.
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Figure 3. Qualitative comparisons of our FinePOSE with MotionBERT [59] and D3DP [34] on Human3.6M. The gray skeleton is the
ground-truth 3D pose. The blue skeleton represents the prediction of the human left part, and the orange indicates the human right part. The
red dashed line represents the incorrect regions of the compared methods, and the blue dashed line indicates the counterparts of FinePOSE.
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