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Input Ours (full) NRDF -t (0t order) NRDF+T -NRDF
Method MPJPE (mm) MPVPE (mm) AccErr (m/s?) Trans Err (x107?)
2 SMPLer-X [5] 82.65 94.23 23.71 31.63
S = + No prior 84.67 96.82 26.75 34.54
8 > + VPoser [24] 79.98 91.53 25.82 30.58
S '*c-% + DPoser [21] 75.45 87.04 27.54 28.69
5L + PoseNDF [33] 73.49 84.61 25.12 29.77
= + NRDF [14] 71.88 83.23 2431 26.38
+ T-NRDF 66.98 76.94 9.89 7.98
Ours (full) + A-NRDF 70.88 81.92 6.73 11.87
+ RoHM [42] 69.78 79.72 9.13 12.37
2 _ + NRMF (full) 66.13 75.61 6.52 5.67
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% g Tab 1: Quantitative evaluation results of motion refinement on 3DPW.
'cC: <L>; Method RGB-D RGB Method APDT(cm)  FID,|  FID,, | [|Ace] |
% \8, ||[Acc|| Dist FID,,  Freq [[Acc|| Dist FID,,  Freq GMM [4] 16.28 0.435
Mo _ _ 4 13% 4 4 _ 599 GAN-S[11] 15.68 0.201
: S o B b G
Input NeMF Ours (full) NRDF -t (0*" order) NRDF+T-NRDF VPoser-t 345 349 208 1066% 324 3496 1964 1395%  NRDE[14] 2487 0706
PoseNDF-t 2.84 48.77 1645 11.35% 2.93 50.13 16.87 13.46%
Ao A St B e T (U I N E ST S
% NRMF 1.48 5.78 8.95 2.78% 1.73 1621 1413 5.12% NRMF (ours) 96:37 0;718 4:218 3.18
'g Tab 2: Motion estimation on PROX dataset. Tab 3: Quantitative evaluation of motion generation.
é Method Pos. Err. (mm) Motion Prop.
."("_) All Legs Vtx Contact Freq Dist(mm) AccErr
= MVAE [18] 26.1 323 446 - 1.72% 1.4 6.74 01 —— NRMF (Ours)
HuMoR [27] 227 26.1 355 097 1.18% 0.8 4.67 —=— Motion-NDF
PhaseMP [31] 26.6 287 39.1 095 1.33% 1.2 6.47 0 e EUM;RDFt
o . . ] . 1.12% . 2. 1 —*— Pose -
NRMF is a general- -purpose, expressive and robust unconditional motion prior. It models the space of plausible Input HuMoR p HuMoR (Qual) Ours (full) Rk L 209 201324 097 L% 06 200 = wmoes
poses (0), transitions (@) and accelerations (0) on the zero-level set of a geometric neural distance field. Poses " A PoeNDEA[1) 46 275 309 e 0 G 2
- | DPoser-t [21] 25.1 279 324 1.35% 0.8 7.13
are depicted along side their transitions and accelerations, which are visualized as blue dots onto the per-joint So F- ' NRDEA [ 8 224 281 Bl 07 68 g
. . . e . . . . . . T O oser + T-Pose ) ) ) ) 31% . . & 40
distributions of learned transitions and as blue rings around the magnitude distribution of all accelerations. 54 Drowr+ TNRDF 173 179 233 093 12% 05 313 =
c © VPoser + T-PoseNDF 214 235 316 097 120% 0.6 3.47
%"é’ VPoser + T-NRDF 19.0 20.8 275 096 1.29% 0.6 3.18 30 -
c = PoseNDF + T-PoseNDF 18.6 19.2 265 098 1.28% 0.6 3.24
o) E PoseNDF + T-NRDF 17.0 182 252 096 1.26% 0.7 3.08
5 O NRDF + T-PoseNDF ~ 18.8 20.5 254 096 126% 0.7 3.19 20
E Y— NRDF + T-NRDF 16.7 17.5 226 0.98 1.22% 0.5 2.97
— NEMF(us 164 171 199 098 117 03 205 R R TN S A
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Tab 4: Motion denoising on AMASS dataset. Figure: The effect of different noise level
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Figure: Qualitative comparisons. The mesh and body parts are the observation inputs and we show the output or optimization results. For in-the-wild fitting, we conduct experiments on both in-door datasets (bottom row) Figure: Comparison on motion in-betweening.

and online videos (upper row). For motion generation, we show samples generated from the common standing pose.
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(a) Articulated Motion time (t) (b) NRMF plausible transitions f{"If — ()
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