MoML: Online Meta Adaptation for 3D Human Motion Prediction

Supplementary Material

1. More Details of MoAdapters

Given the output of certain main pipeline block at the [-
th layer as H' € R%*dt with ds and d; the dimensions
of pipeline intermediate spatial and temporal feature. For
FC-MoAdapters, the dimensions of the two FC layers com-
pile with the temporal dimension of H', expressed as Wl1 S
R%*d and W), € R%*d  For GC-MoAdapters, we set
the dimension of trainable weights ngc in GraphConv(+)
to d; x d;', where d;’ = 256 is applied to all three base-
lines. Then the following FC layer (i.e., Wé) maps it into
the backbone temporal dimension d;.

Specially, for Fast-MoML, as the last layer (the L-th
layer) of the original pipeline outputs H € R %4y with
small target dimension, directly attaching our motion em-
bedding W% behind it may not be sufficient to express the
adaptive information. In this case, we modify the original
last layer to let it output H ¢ R%"*d: and then use our
WZ to map it into the final dimension d%* x d!®.

The blocks of the three baselines are stacked as follows.
LTD [7] contains 12 blocks of graph convolutional layers
with residual connections, plus two individual graph con-
volutional layers (one at the beginning and one at the end).
MotionMixer [ 1] contains 3 blocks of spatio-temporal mix-
ing layers, plus two individual fully-connected layers (one
at the beginning and one at the end). SPGSN [6] contains 10
blocks of graph scattering layers, with each one followed by
an MLP structure. In accordance with them, we apply 12, 3
and 10 MoAdapters for each baselines, respectively.

2. Details of Loss Function

In the Eq (4) and Eq (5) of our main paper, we use
% Zle 1¥5.+ — ¥s./5 to depict the prediction loss of the
s-th sub-task, with y, , and y, , indicating the ¢-th predicted
and real frame. This is only a general expression, and here
we present the concrete function for each baseline.

For MoML on LTD [7] and SPGSN [6], we follow the
two baselines to predict both the observed part (N frames)
and target part (7" frames), and formulate the loss as:
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As the two baselines use Discrete Cosine Transformation
(DCT) to process motion data to extract temporal informa-
tion, they calculate the loss over the (INV + T) horizon rather
than 7', which can bring additional signal to learn to predict
DCT coefficients that represent the entire sequence. We also
adopt the same strategy in line with them.

For MoML on MotionMixer [1], we follow the baseline
to use the joint position displacement A between two adja-
cent frames (i.e., velocity), rather than the joint position of
each frame, with the loss formulated as
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3. More Implementation Details

To train baselines with MoML, we set the batch size to 16,
50, and 16 for LTD [7], MotionMixer [1] and SPGSN [6].
The adaptive operation is conducted via 5 gradient steps by
FC/GC MoAdapters. We provide comparisons on different
gradient step number v in Figure 1 to further analyze the
effects brought by its changes. During meta-training, the
inner learning rate o = 0.01 is for all methods. The outer
learning rate (3 is initialized as 0.0005, 0.01 and 0.001 in
align with the three baselines. For LTD and SPGSN, a 0.96
decay is performed every two epochs; for MotionMixer, the
learning rate is decayed by a factor of 0.1 every 10 epochs.
Fast-MoML shares the same (3 as the above, and no « is
needed due to the closed-form solution.
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Figure 1. Comparisons on different numbers u of gradient up-
dates on Human3.6M. Left, middle and right sub-figures show the
online adaptive prediction performance modified from LTD, Mo-
tionMixer and SPGSN, respectively. Blue dashed lines indicate
offline-trained performance of these baselines. Generally, u = 5
can help produce the lowest MPJPE errors in most cases, while the
larger u would not necessarily bring more benefits.

For the ablations on vanilla MAML in our main paper
Sec 4.4, the outer learning rate 3 is the same as MoML,
but a lower inner learning rate o = 0.005 is adopted to
stabilize the training process. For the ablation on gradient-
based Fast-MoML, « and 3 are same as in standard MoML.

4. More Experiments
4.1. Full Results on CMU-Mocap

We provide MPJPE errors of all actions in CMU-Mocap in
Table 1. From the table, our MoML can effectively bring



Basketball Basketball Signal Directing Traffic Jumping
millisecond (ms) | 80 160 320 400 80 160 320 400 | 80 160 320 400 80 160 320 400
Res. sup [8] 155 269 435 492 | 202 33.0 428 447|205 406 754 904 | 269 48.1 935 1089
DMGNN [5] 156 287 59.0 73.1 | 50 93 202 262|102 209 41.6 523 |320 543 967 1199
MSR [2] 103 189 377 470 | 3.0 57 124 163 | 59 121 284 38.0 | 150 287 559 69.1
LTD [7] 11.7 213 410 508 | 33 63 13.6 180 | 69 137 303 400 | 172 324 60.1 72.6
LTD-FC 11.3 20.1 399 486 | 3.2 55 138 177 | 63 126 281 37.8 | 167 312 585 69.5
LTD-GC 111 198 395 483 | 32 53 138 175 61 120 279 373 | 163 30.8 582 69.0
SPGSN [6] 102 185 382 487 |29 53 113 150 | 55 112 255 371 | 149 282 567 712
SPGSN-FC 98 176 354 463 | 33 58 126 147 | 53 104 231 353 | 141 262 535 669
SPGSN-GC 9.7 1777 358 466 | 35 55 139 145 | 51 108 232 355 |13.6 265 540 67.0
Running Soccer Walking Washwindow
millisecond (ms) | 80 160 320 400 80 160 320 400 | 80 160 320 400 80 160 320 400
Res. sup [8] 258 489 882 100.8 | 17.8 31.3 526 614|444 767 1268 1514|228 447 56.8 1047
DMGNN [5] 174 268 383 40.1 | 149 253 522 654 | 9.6 155 260 304 | 79 147 333 442
MSR [2] 12.8 204 306 344 | 109 195 37.1 464 | 63 103 176 21.1 | 55 11.1 251 325
LTD [7] 145 242 374 411 | 133 240 438 532 | 66 107 174 204 | 60 11.6 248 31.6
LTD-FC 146 233 366 397 | 127 228 421 484 | 61 96 168 196 | 56 104 23.0 279
LTD-GC 148 231 359 384 | 124 219 417 478 | 6.0 92 162 197 | 54 103 22,6 275
SPGSN [6] 10.8 167 261 30.1 | 109 190 351 452 | 63 102 163 202 | 49 94 215 284
SPGSN-FC 10.0 14,5 244 278 | 105 17.0 337 443 | 60 90 146 181 | 48 88 196 275
SPGSN-GC 99 146 242 290 |104 173 334 44.0 | 57 93 148 174 | 45 91 198 273
Table 1. Comparisons of MPJPE errors on CMU-Mocap between baselines without/with our MoML approach.
walking eating smoking discussion

LTD MotMix  SPGSN LTD MotMix  SPGSN LTD MotMix  SPGSN LTD MotMix  SPGSN
baseline | 48.08 44.36 43.97 42.8 38.21 39.87 40.04 39.81 37.54 73.59 65.93 69.23
FC 45.87 42.22 42.44 41.21 37.52 38.96 38.96 37.76 36.25 71.84 64.54 68.68
GC 4545 43.38 42.01 41.01 38.39 38.75 38.89 37.99 36.94 71.65 65.74 66.81

Table 2. Performance on unseen categories between baselines without/with our MoML approach. MotMix is short for MotionMixer.

baselines into online adaptive setting and yield improved
performance in most cases.

4.2. MoML for Unseen Categories

Inspired by [4] that involves few-shot learning paradigm
to predict human motions of unseen motion categories, we
also analyze the compatibility of MoML in this scenario.
Following [4], we exclude 4 classes of Human3.6M (walk-
ing, eating, smoking and discussion) from meta-training
dataset M?", and only train MoML with the remaining 11
classes. Motions from these 4 categories are regarded as un-
seen and used to evaluate the adaptability of our approach
during meta-testing. Specifically, we draw multiple consec-
utive sub-tasks from certain novel category as novel stream-
ing data, and adapt 6 to suit each temporary novel context
along the time. Note that, for fair comparison, we addition-
ally re-train baselines on the 11 classes and directly eval-
uate their performance on the unseen 4 classes. Results
are shown in Table 2, where our MoML also exhibits some
adaptability w.r.t. different unseen motion categories.

4.3. Running Time

To verify the efficiency of MoML, we compare the running
time of offline-trained baselines to the corresponding on-
line adaptive modifications, including MoML with FC/GC-

based MoAdapters and Fast-MoML. Meanwhile, to show
the superiority of MoML against vanilla MAML [3] that up-
date the entire model during adaptation. For gradient-based
methods, we adopt 5 times of gradient update. Shown in
Figure 2, our MoML achieves improvement on predictive
accuracy while inevitably becoming more time-consuming,
but is still significantly faster than conventional MAML.

4.4. More Visualizations

We additionally visualize another case greeting, shown in
Figure 3. The motion appears varied that changes from
waving right hand, putting hand down, waving left hand,
putting hand down, to raising both hands, which is difficult
to predict accurately. With MoML, we achieve more correct
motion tendencies than offline-trained baseline.

5. Limitations

In real-world applications, the observation may not be clean
and may involve occlusions or noises. How to deal with
incomplete observed human poses remains a challenge for
future study. On the other hand, model update during in-
ference inevitably leads to more time consumption, how to
maintain the online adaptive performance as well as consid-
ering time costs requires further research.



59

64 60

® LD @® MotionMixer ® SPGSN
] & +MAML ° ¢ +MAML & +MAML
~63f W FC-MoAdapter| 59 1 W FC-MoAdapter 58l L4 W FC-MoAdapter
% A GC-MoAdapter g A GC-MoAdapter g A GC-MoAdapter
w W Fast w W Fast w ] W Fast
5 . Sl ™ g v
262} & | assf & * 257}
= v = =
v
v A
61 A 57 F 56
| | | | | | | | | | | | |
40 80 120 160 200 40 120 160 40 80 120 160 200 240 280

running time (ms)

running time (ms)

running time (ms)

Figure 2. Comparisons of running time and MPJPE errors. + MAML means updating the entire model.
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Figure 3. Another visualized case on greeting. In each case, we draw motion contents in eight seconds. The significant predictive errors
marked in red boxes are alleviated by our adaptive setting of MoML and marked in green boxes.
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