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Brief Overview

Despite their success, existing works in video synthesis [1–3] often re-
quire input reference frame or fail to generate diverse videos from the
given data distribution, with little to no uniformity in the quality of gen-
erated videos. Different from such methods and inspired from [4, 5],
we focus on the problem of generating videos from latent noise vectors,
without any reference input frames. To this end, we develop a novel
approach that jointly optimizes the input latent space, the weights of
a recurrent neural network and a generator without a discriminator,
through non-adversarial learning.

Why is the Problem Important?

•Understanding how videos are synthesized can help in understanding their
spatio-temporal features.
•Can be used as building block for choosing & designing priors.
•Will help us in more difficult problems like future frame prediction, feature
learning for videos, etc.

Related Works

Methods Settings
Adversarial
learning? Input frame? Input latent

vectors?

VGAN [1] X 7 X(random)
TGAN [2] X 7 X(random)

MoCoGAN [3] X 7 X(random)
Video-VAE [6] 7 X X(random)

Ours 7 7 X(learned)

Pictorial Representation

Learning Loss I

Let weights of G, and the RNN be γ and θ, respectively. We jointly optimize for θ, γ, and {ZVj}Nj=1 (sampled once in the beginning) in two stages:
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Stage 1 : min
γ

`
(
Vj,G(ZVj)|

(
ZVj, θ

))
(1.1)

Stage 2 : min
ZV,θ

`
(
Vj,G(ZVj)|γ

)
(1.2)

Index j represents a random video out of N training set videos.
`(·) can be chosen to be any regression-based loss. We will refer
to both (1.1) and (1.2) together as min

ZV,θ,γ
`rec.

To equally capture the static portion of the video, we randomly
choose a frame from the video and ask the generator to compare
its corresponding generated frame. For this, we update the above
loss as minZV,θ,γ (`rec + λs`static) where `static = `(v̂k, vk) with
k ∈ [1, 2, · · · , L] is a randomly chosen index, vk is the ground truth frame, v̂k = G(zk), and λs is the regularization constant.

Learning Loss II (Triplet Condition)

Positive frames are randomly sampled within a margin range α of the anchor and negatives are chosen outside of this margin range. Defin-
ing a triplet set with transient latent code vectors {z(t),a

i , z
(t),p
i , z

(t),n
i }, we aim to learn the transient embedding space z(t) such that ‖z(t),a

i −
z

(t),p
i ‖2

2 + α < ‖z(t),a
i − z

(t),n
i ‖2

2 ∀ {z
(t),a
i , z

(t),p
i , z

(t),n
i } ∈ Γ, where Γ is the set of all possible triplets in z(t). With the above regulariza-

tion and defining α as a hyperparameter that controls the margin while selecting positives and negatives, the above loss can be written as
z
(t),n
i · · · z

(t)
i · · · · · · z

(t),a
i z

(t),p
i · · · · · ·

Negative range Negative rangePositive range

1

Proposed Learning Loss

min
ZV,θ,γ

(`rec + λs`static)

s.t. ‖z(t),a
i − z(t),p

i ‖2
2 + α < ‖z(t),a

i − z(t),n
i ‖2

2 (2)

Qualitative Results
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Action exchange

Actions Identities
P1 P2 P3 P4 P5 P6 P7 P8 P9

run • • • •
walk • • • •
jump • • • • • • •
skip • • • • • • •

jump

run

skip

walk

wave2

Quantitative Results

MCS ↓ FCS ↑
Bound 0.0 0.91
MoCo 4.11 0.85
Ours 3.32 0.89

(a) Chair-CAD [7]

MCS ↓ FCS ↑
Bound 0.0 0.95
MoCo 3.41 0.85
Ours 2.63 0.90
(b) Weizmann Human Action [8]

MCS ↓ FCS ↑
Bound 0.0 0.97
VGAN 3.61 0.88
Ours 2.71 0.84

(c) Golf [1]

Conclusions

•We presented a non-adversarial approach for synthesizing videos by jointly
optimizing both network weights and input latent space.
•Our approach allows to generate videos spanning the diversity of the
data distribution, perform frame interpolation, & generate videos unseen
during training.
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