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1. Weakly-supervised Transition Learning

We illustrate our weakly-supervised transition learning
in Fig. 1 below. Given past N frames X;.y, our model will
predict future T + T + P frames. The first Tj frames are
the transition between the past and future motion where a
weak supervision signal (Lsmoorn) is applied during training.
The last P frames are supervised by the repeats of last pose
in future motion included in the reconstruction 1oss (Lec).
This encourages the model to predict static poses after pre-
dicting the future motion.
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Figure 1. An illustration of our weakly supervision transition
learning.

2. Results on HumanAct12

HumanAct12 (HAct) [2] is a subset of the PHSPD
dataset [12]. It consists of 12 subjects performing 12 ac-
tions. We use 2 subjects (P11, P12) for testing and the re-
maining 10 subjects (P1-P10) for training. The minimum
and maximum length of the motions are 35 and 290 frames,
respectively. We remove the motions that are too short, i.e.,
less than 35 frames, leading to 727 training sequences and
197 testing ones. Our model is trained to observe 10 frames.
The results on HAct [2] are shown in Tables 1, 2 and 3.

3. Implementation Details

In this section, we describe the implementation details
for each dataset and model. In Tables 4 and 5, we show

Method | Acct FIDy | FID | Divyt  Divt

Act2Mot [2] | 24.5%01 245354713 298 061050 0.31%0-00  ,60+0-01
DLow [11] | 22,7402 254724848 143 71£3.07  ( 35£0.00  53:+0.00
ACTOR [7] | 44.4%02  248.81%377  381.56%6-66  0.84%0-00  .95+0-00

Ours (RNN) | 59.0%%1  129.95%03%  164.38+227 74000 ,96%0-00
Ours (Tran.) | 56.8%0-2  141.85%251  139.82%1:80  ,g7+000 () gg+0.00

HAct

Table 1. Quantitative results on HumanAct12 [2]. We adapt
Action2Motion [2], ACTOR [7] and DLow [ 1] to our task.

HAct
Method ADE, | ADE|

Act2Mot [2] | 1.09F0-00 1 38+0.01
DLow [11] | 1.15%0-01 1 39+0.01
ACTOR [7] | 1.21%0-02 ] 54+0.01

Ours (RNN) | 1.06+0-01  1,23+0-01
Ours (Tran.) | 1.02F001 1 26+0.01

Table 2. Results of prediction accuracy with the ground truth
action label.

Prediction Step
Metrics 1 2nd 3ra 4in Sth
ACCT 59_010.1 60_911,0 60»910 7 60_810 8 60_310.5
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2 PID. || 164387227 240.23%757 250464752 258.19%1853 962 90+19:21
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Div T U_gﬁil).ﬂb 1_05i0.l)1 1 _04i0 02 1 _0610.01 1 .Ufjﬂ"‘”

Table 3. Results on prediction with action label sequences.

the detailed network design and hyperparameters used in
our experiments for the RNN-based and Transformer-based
models, respectively.

Feature Size
Dataset

‘Arec Asmoon LR P

GRU MLP
GRAB 128 [300,200, 128] | 100.0 100.0 0.002 50
NTU 128 [300,200, 128] | 100.0 ~ 20.0  0.002 50
BABEL | 256 [512,256,256] | 50.0 10.0  0.001 50
HAct 128 [300,200, 128] | 100.0 100.0 0.002 50

Table 4. Implementation details of our RNN-based model. We
show the network design, loss weights (Arec and Asmootn), learning
rate (LR) and number of padding frames (P). Note that the poste-
rior and prior modules share the same network architecture.



Transformer

Dataset d_model nhead dim_feedforward num_layers Aree - Asmoots LR P
GRAB 128 4 256 6 1000.0  100.0  0.0005 20
NTU 128 4 512 8 100.0 20.0  0.0005 20
BABEL 128 4 256 6 100.0 10.0  0.0001 20
HAct 128 4 256 6 1000.0  100.0  0.0005 50

Table 5. Implementation details of our Transformer-based
model.

Training details. We mainly train our RNN-based mod-
els on an NVIDIA TITAN-V GPU. Training for 500 epochs
takes 2-12 hours. For Transformer-based models, since they
consume much more GPU memory, we train them on an
NVIDIA RTX3090 GPU, which takes 5-60 hours.

Method | Acct FIDy | FID.|  Divyt  Divt
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2 2 e | 92,6506 44.50%139 38035110 110%0.01 1 3700l
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Table 6. Ablation study on the function to produce 75. The model
we choose is highlighted with a blue background.

4. Functions for 7;

As described in the main paper, we formulate the number
of transition frames T between pose sequences from two
different motions as a function

To = f(xn,¥1) 6]

where xx and y) are the last pose of the historical se-
quences (X) and the first pose of future sequences (Y'),
respectively.

We then define this as a simple linear function

To = [kllxn —¥ill2) 2)
where k£ > 0 is calculated from the training data. More
specifically, given pose sequences X = [X1,Xa, - - -] from
the training set (D), k is computed as

kL= E {Z_J} ) 3)
XeD,ij [ |[xi — %2
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Figure 2. Network structure of the action recognition model.

To demonstrate the effectiveness of such a simple linear
function, we learn a more complicated one, modeled by a
multilayer perception (MLP), from training data. As shown
in Table 6, for RNN-based models both functions perform
on par with each other. By contrast, for Transformer-based
models, the linear function yields better performance than
the MLP one.

5. Action Recognition Model

Dataset | GRAB NTU BABEL HAct
Acc | 8.5 895 608 704
FID, | 11646 12744  9.62  127.77

Table 7. Results of action recognition model. We report the
action recognition accuracy (Acc) on the test set, the FID of test
set to training data (F'I D).

In Fig. 2, we provide the network structure of the action
recognition model used for evaluation. It consists of a GRU
layer to encode the temporal information and of a 3-layer
MLP to produce the final classification results. Each layer
of the MLP is followed by a ReLU [6] activation function,
except for the last layer, which is followed by a sigmoid
function. The model is then trained for 500 epochs using the
ADAM [4] optimizer with an initial learning rate of 0.002.

To compute the Fréchet Inception Distance (FID) [3], we
take the features generated by the penultimate layer of the
pretrained MLP. We then collect three sets of features com-
puted from the training data, the testing data and generated
motions, respectively. Each set of future motions is sum-
marized as a multivariate Gaussian by calculating the mean
and covariance matrix of these features. The FID then mea-
sures the distance between pairs of Gaussian distributions.
We report the action recognition results, as well as the FID
between the test set and the training data in Table 7.

6. Additional Details

Smoothness prior. We use L = 10 frames for our
smoothness prior, which means that we take the last 10
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Table 8. Ablation study on the number of frames to predict (P).
The model we choose is highlighted with a blue background.
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Table 9. Ablation study on the stop threshold (§). The model we
choose is highlighted with a blue background.

poses of the history and the first 10 ones of the future mo-
tion to form a sequence of length 20. We set the number of
DCT bases (M) to 5.

Variable-length motion prediction. To enable predict-
ing variable-length sequences, during training, we make the

model generate P additional frames, and supervise these
frames with the last pose of the future to encourage the
model to generate static poses (i.e., the last pose of the
ground-truth motion) after reaching the motion end. We
validate the number of additional frames to generate (P).
The numerical results are shown in Table 8.

During test time, we stop the prediction when the vari-
ance of the last () consecutive frames falls below a threshold
(8). For all our experiments, @ is set to 5, and the stopping
threshold § ranges from 0.005 to 0.025. In Table 9, we val-
idate this threshold for the different datasets.

Method | Acct FID, | FID, | Div, 1  Divt
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Table 10. Ablation study on generating variable-length future
motions. The model we choose is highlighted with a blue back-
ground.

As an alternative to the above-mentioned padding ap-
proach to variable-length prediction, we draw inspiration
from the NLP literature. However, while the standard strat-
egy for variable-length outputs in NLP is to predict a stop
token, there is no such “stop token” for human pose. Thus,
we make the model output one more value together with the
human pose at each prediction step. The additional value is
supervised by a binary label indicating whether the motion
ends or not. Such a value is then used as a “stop sign” dur-
ing testing. We compare the results of two the strategies
described above (stop sign vs padding) in Table 10. In gen-
eral, the models with padding perform better than those with
the stop sign.

7. Stopping Strategy for Action2Motion

Due to the jitter produced by the Action2Motion [2]
model, we have observed our variance-based stopping crite-
rion to be sub-optimal. We therefore test a stopping strategy
based on the difference between consecutive frames. That
is, if the difference between the latest 2 frames falls below
certain threshold §, the model stops predicting the future



motions. In Table 11, we compare the performance of the
variance-based strategy and the adjacent frames’ difference-
based one with different stopping thresholds. Overall, the
stopping strategy based on the difference of adjacent frames
outperforms the variance-based one. In the main paper, we
report the values highlighted with a blue background.

8. Details of the Datasets

We evaluate our method on four different datasets, i.e.,
GRAB [1,10], NTURGB-D [5,9], BABEL [8] and Human-
Actl2 [2].

License. These four datasets all are for non-commercial
scientific research use only. For the details of their individ-
ual licenses, please refer to their official websites:

* GRAB: https://grab.is.tue.mpg.de/

e NTU RGB-D: http://rosel .ntu.edu.sg/
Datasets/actionRecognition.asp

e BABEL: https://babel.is.tue.mpg.de/
data.html

e HumanActl2: https://Jjimmyzou.github.
io/publication/2020-PHSPDataset

9. Additional Qualitative Results

We provide additional qualitative results in the supple-
mentary video.
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Table 11. Ablation study on the stopping criterion for Ac-

tion2Motion [2]. The model we report results with is highlighted
with a blue background.
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