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Motion Synthesis Results

Quantitative Results

Motion generation

Table 2. Evaluation of locomotion and scene-level interaction. Table 3. Evaluation of object-level interaction. We compare per-

w We compare performances on and [16]. formances on and [47]. The definition of “Real”
follows the one defined in Tevet et al. [49]

Method Cont.T Penemean | Penemar | Dis. suc.|

Method FID| Diversity— Penescene | Dis. suc.|
Wang et al. [53] 0.969 1.935 14.33 0.581
SceneDiff [21] 0912  1.691 17.48 0.645 ReﬁERngNS " ;-134 i o
GMD [23] 0931  2.867 21.30 0.871 GOAL [48] 0.5 493 34.10 0.80

IMoS [11] 0.711 2.667 37.48 0.774
Ours 0.992 1.820 11.74 0.258

Ours 0.313 2.693 11.74 0.226
Ours w/o aug. 0.991 2.010 15.52 - Ours - A;n4 2.104 1.318 10.62 1.000
Wang et al. [53] 0.688 4.935 34.10 0.903 Real-GRAB [47] - 2.155 - -
SceneDiff [21]  0.712 3.267 27.48 0.935 GOAL [48] 0.429 2.180 44.09 0.801
GMD [23] 0.702 4.867 38.30 0.968 IMoS [11] 0.410 2.114 41.50 0.774
Ours 0.723 4.820 31.74 0.903 Ours 0.362 2.150 34.41 0.516
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Table 4. Performance of Ma et al. [29] trained on 3DPW [51]
combined with TRUMANS in different ratios.

Training Data MPVE| MPIJPE| PA-MPJPE|
3DPW [51] 101.3 882 54.4
3DPW+T (2:1)  88.8 77.2 46.4
3DPW+T (1:1)  78.5 78.5 46.4

Human-scene contact estimation

Table 5. Performance of [20] trained on [20]
combined with TRUMANS

Training Data Prec? Rec? F11 geoerr)]

RICH [20] 0.6823 0.7427 0.6823 10.27

R+T (2:1) 0.7087 0.7370 0.6927 9.593

R+T (1:1) 0.7137 0.7286 0.6923 9.459
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