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Method | Directions | Discussion | Fating | Greeting | Phoning | Photo | Posing | Purchases
ours 93.1 102.7 1224 104.6 119.1 1325 | 88.2 159
Kudol4] 125 1379 1072 1308 | 1151 | 1273 | 477 | 1287
Method | Sitting | SittingD | Smoking | Waiting | WalkDog | Walking | WalkT | average
ours 1649 1377 1144 | 1122 | 1219 | 83 | 9.2 | 1171
Kudofd] | 1347 1398 1145 147.1 1308 1256 | 1511 | 1309
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