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Results based on ground truth 2d joints Following [3],
we use the ground truth 2d joints provided by the Human3.6
dataset instead of the output from the stacked hourglass as
the input. The results are shown in Table 1, where our ap-
proach achieves the best performance. Moreover, the MP-
JEP improves by 14.9 mm compared to the results (52.7
mm) of using the 2d joint detections from the stacked hour-
glass.

More visualizations of our mixture density model We
show more visualizing results of our mixture dentity model
in Fig. 1. The level of ambiguity increases from top to bot-
tom. There is no occlusion for the “standing” pose in the
first row, hence, all the outputs from our mixture density
model looks similar. As increasing number of joints are oc-
cluded (second to the fourth row), the output of each kernel
becomes increasingly different. The last row shows a fail-
ure case of our model where none of the five outputs looks
similar to the ground truth pose. The reason is that the out-
put 2d pose from the stacked hourglass (the first column)
is totally wrong, thus our mixture density model cannot re-
cover the 3d pose from the wrong input. Moreover, we can
see that our model try to generate 3d pose hypotheses that
are consistent in 2d projections in all cases.

More qualitative results on MPII dataset We show
more qualitative results on the MPII dataset in Fig. 2 to
demonstrate the generalization capacity of our model. We
choose images where the poses are not common in the Hu-
man3.6 dataset.

The sum-exp-trick used in the training process The loss
function £3p in Eqn. (10) in our paper for one pair of 2D
joints and 3D poses {x, y} can be expressed as:

’ =—lnf () o ly=mP
W= TN om0 TP 20,(x)?

Note that we omit the parameters of the deep network w
for brevity. The right-most term is an exponential of val-
ues which tend to be very small, and this results in an un-
derflow problem after applying the logarithm. We prevent
the underflow problem by applying the log-sum-exp trick.
Specifically, a logarithm of a sum of exponential terms can
be expressed as:

In Z expt; = max(t;) +In Z exp (t; — max(t;)). (2)
i=1 ’ i=1 ‘

We can extend the exponential function within the loga-
rithm in Eqn. (1) to get:

M

Lap = — anexp{ln a;(x) — gln 2ro2(x)  (3)
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which we can then apply the log-sum-exp trick expressed in
Eqn. (2).
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108 Table 1: Quantitative results of MPJPE in millimeter on the Human3.6M when the input is the ground truth 2d joints. 162
109 Protocol #1 Direct. Discuss Eating Greet Phone Photo Pose Purch. Sitting SittingD. Smoke Wait WalkD. Walk WalkT. Avg. 163
110 Moreno etal.[4] 53.5 505 657 624 569 808 60.6 50.8 559 79.6 63.6 61.8 594 685 62.1 62.1 164
111 Martinez et al.[3] 37.7 444 403 42.1 482 549 444 421 546 580 451 464 476 364 404 455 165
112 Lee et al.[?] 346 397 372 409 456 505 42.0 394 473 481 39.5 38.0 319 415 372 409 166
113 Hossainetal.[1] 352 40.8 372 374 432 44.0 389 356 423 44.6 39.7 39.7 40.2 328 355 392 167
114 Ours 311 382 335 355 391 463 35.6 346 459 507 394 361 403 29.6 31.1 378 168
115 169
116 170
117 7}\ V,:S\ VD’\ \/”‘\( Vﬁ\ \/DN J/{ﬂ\\ 171
118 J} 172
119 } 173
120 174
121 175
122 o 176
123 % A Ra 7™ N Ra ‘@Q\{ 177
124 A 178
125 179
126 180
127 181
128 ({10 'A% Aw A= y (\Q d[ > 182
129 183
130 184
131 185
132 186
133 e X (Xﬂ ,«{/‘ tq M & 187
134 188
135 189
136 190
137 191
138 192
139 A Y (h 7 T ‘)h 1 193
140 194
141 195
142 Figure 1: 3D Pose hypotheses generated by our network. The first column is the input of our network, i.e. the 2D joints 196
143 estimated by the stacked hourglass network. The second column is the ground truth 3D pose, and the third to seventh o7
::g columns are the hypotheses generated by our network. The last column is the 2D reprojections of all five hypotheses. The :zg

. corresponding 2D projection and 3D pose are drawn in the same color. (Best view in color) 200
14

147 201
148 202
149 ;D\ ,ﬁ\ A /’% 203
150 204
151 205
152 206
| ¢ T
154 208
155 209
156 210
157 ﬁ ﬁ ﬁi ﬁ\ 211
158 212
159 213

160 . L . . .. 214
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