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A. Dataset Descriptions

Chair-CAD

Weizmann Human Action

Golf Scene

Figure 1: Sample videos from datasets used in the paper. Two unprocessed video examples from Chair-CAD [1], Weiz-
mann Human Action [4], and Golf Scene [11] datasets have been presented here. As seen from the examples, datasets are
diverse in nature, different in categories and present unique challenges in learning the transient and static portions of the
videos. Best viewed in color.

Chair-CAD [1]. This dataset provides 1393 chair-CAD models. Each model frame sequence is produced using two
elevation angles in addition to thirty one azimuth angles. All the chair models have been designed to be at a fixed distance
with respect to the camera. The authors provide four video sequences per CAD model. We choose the first 16 frames of each
video for our paper, and consider the complete dataset as one class.

Weizmann Human Action [2]. This dataset is a collection of 90 video sequences showing nine different identities per-
forming 10 different actions, namely, run, walk, skip, jumping-jack (or ‘jack’), jump-forward-on-two-legs
(or ‘jump’), jump-in-place-on-two-legs (or ‘pjump’), gallopsideways (or ‘side’), wave-two-hands (or
‘wave2’), waveone-hand (or ‘wave1’), and bend. We randomly choose 16 consecutive frames for every video in each
iteration during training.

Golf Scene [11]. [11] released a dataset containing 35 million clips (32 frames each) stabilized by SIFT+RANSAC. It
contains several categories filtered by a pre-trained Place-CNN model, one of them being the Golf scenes. The Golf scene
dataset contains 20,268 golf videos. Due to many non-golf videos being part of the golf category (due to inaccurate labels),
this dataset presents a particularly challenging data distribution for our proposed method. Note that for a fair comparison,
we further selected our training set videos from this provided dataset pertaining to golf action as close as possible. We then
trained the VGAN [11] model on this selected videos for a fair comparison.

B. Implementation Details
We used Pytorch [5] for our implementation. The Adam optimizer [3], with ε = 10−8, β1 = 0.9 and β2 = 0.999, was

used to update the model weights and SGD optimizer [6], with momentum = 0.9, was used to update the latent spaces. The
corresponding learning rate for the generator τG , the RNN τR, and the latent spaces τZV

were set as values indicated in Tab. 2.
Hyper-parameters. [7, 10, 11] that generate videos from latent priors have no dataset split as the task is to synthesize

high quality videos from the data distribution, and then evaluate the model performance. All hyperparameters (except Ds,
Dt) are set as described in [8, 9, 10, 12] (e.g. α from [9]). For Ds and Dt, we follow the strategy used in Sec. 4.3 of [10] and
observe that our model generates videos with good visual quality (FCS) and plausible motion (MCS) for Chair-CAD when
(Ds, Dt) = (206, 50). Same strategy is used for all datasets. The hyper-parameters employed with respect to each dataset



used in this paper is given in Tab. 2. G and R refer to the generator, with weights γ, and RNN, with weight θ, respectively.
τ(·) represents the learning rate. µ(·) represents the number of epochs. Ds and Dt refer to the static and transient latent
dimensions, respectively. λs and λt refer to the static loss, and triplet loss regularization constants, respectively. α is the
margin for triplet loss. l refers to the level of the Laplacian pyramid representation used in `rec and `static.

Datasets
Hyper-parameters

Ds Dt λs λt α τG τR τZV
µγ µZV,θ l

Chair-CAD [1] 206 50 0.01 0.01 2 6.25× 10−5 6.25× 10−5 12.5 5 300 4
Weizmann Human Action [2] 56 200 0.01 0.1 2 6.25× 10−5 6.25× 10−3 12.5 5 700 3
Golf Scene [11] 56 200 0.01 0.01 2 0.1 0.1 12.5 10 1000 4

Table 2: Hyper-parameters used in all experiments for all datasets.

Other details. We performed all our experiments on a system with 48 core Intel(R) Xeon(R) Gold 6126 processor with
256GB RAM. We used NVIDIA GeForce RTX 2080 Ti for all GPU computations during training. Further, NVIDIA Tesla
K40 GPUs were used for computation of all evaluation metrics in our experiments. All our implementations are based on
non-optimized PyTorch based codes. Our runtime analysis revealed that it took on average one to two days to train the model
and obtain learned latent vectors.

C. More Qualitative Examples
In this section, we provide more qualitative results of generated videos synthesized using our proposed approach on each

dataset (Fig. 2 for Chair-CAD [1] dataset, Fig. 3 for Weizmann Human Action [2] dataset, and Fig. 4 for Golf scene [11]
dataset). We also provide more examples interpolation experiment in Fig. 5.

Figure 2: Qualitative results on Chair-CAD [1]. On this large scale dataset, our model is able to capture the intrinsic
rotation and color of videos unique to each chair model. This shows the efficacy of our approach, compared to adversarial
approaches such as MoCoGAN [10] which produce the same chair for all videos, with blurry frames (See Fig. 1 of main
manuscript).



Figure 3: Qualitative results on Weizmann Human Action [2]. The videos show that our model produces sharp visual
results with the combination of trained generator, RNN along with 9 identities, and 10 different action latent vectors.

Figure 4: Qualitative results on Golf Scene [11]. Our proposed approach produces visually good results on this particularly
challenging dataset. Due to incorrect labels on the videos, this dataset has many non-golf videos. Our model is still able to
capture the static and transient portion of the videos, although better filtering can still improve our results.
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(a) Chair-CAD [1]
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(b) Weizmann Human Action [2]

Figure 5: More interpolation results. In this figure, ρ represents the rank of transient latent vectors zt. We present the
interpolation results on (a) Chair-CAD dataset, and (b) Weizmann Human Action, for different values of ρ. It can be observed
that as ρ increases, the interpolation becomes clearer.
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