
VideoFlow: A Flow-Based Generative Model for Video

Manoj Kumar 1 Mohammad Babaeizadeh 2 Dumitru Erhan 1 Chelsea Finn 1 Sergey Levine 1 Laurent Dinh 1

Durk Kingma 1

Abstract

Generative models that can model and predict se-
quences of future events can, in principle, learn to
capture complex real-world phenomena, such as
physical interactions. However, a central chal-
lenge in video prediction is that the future is
highly uncertain: a sequence of past observations
of events can imply many possible futures. Al-
though a number of recent works have studied
probabilistic models that can represent uncertain
futures, such models are either extremely expen-
sive computationally (as in the case of pixel-level
autoregressive models), or do not directly opti-
mize the likelihood of the data. To our knowl-
edge, our work is the first to propose multi-frame
video prediction with normalizing flows, which al-
lows for direct optimization of the data likelihood,
and produces high-quality stochastic predictions.
We describe an approach for modeling the latent
space dynamics, and demonstrate that flow-based
generative models offer a viable and competitive
approach to generative modeling of video.

1. Related Work
In this paper, we study the problem of stochastic condi-
tional video prediction: synthesizing raw RGB video frames
conditioned on a short context of past observations. Early
work on prediction of future video frames focused on deter-
ministic predictive models (Ranzato et al., 2014; Srivastava
et al., 2015; Vondrick et al., 2015; Xingjian et al., 2015;
Boots et al., 2014). Much of this research on deterministic
models focused on architectural changes, such as predicting
high-level structure (Villegas et al., 2017b), incorporating
pixel transformations (Finn et al., 2016; De Brabandere
et al., 2016; Liu et al., 2017), predictive coding architec-
tures (Lotter et al., 2017), as well as different generation
objectives (Mathieu et al., 2016; Vondrick & Torralba, 2017;
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Walker et al., 2015) and disentangling representations (Vil-
legas et al., 2017a; Denton & Birodkar, 2017). With models
that can successfully model many deterministic environ-
ments, the next key challenge is to address stochastic envi-
ronments by building models that can effectively reason over
uncertain futures. In such cases, deterministic models either
disregard potential futures or produce blurry predictions
that are the superposition or averages of possible futures. A
variety of methods have sought to overcome this challenge
by incorporating stochasticity, via three types of approaches:
models based on variational auto-encoders (VAEs) (Kingma
& Welling, 2013; Rezende et al., 2014), generative adversar-
ial networks (Goodfellow et al., 2014), and autoregressive
models (Hochreiter & Schmidhuber, 1997; Graves, 2013;
van den Oord et al., 2016b;c; Van Den Oord et al., 2016).
The models based on VAEs (Babaeizadeh et al., 2017; Den-
ton & Fergus, 2018; Lee et al., 2018; Xue et al., 2016; Li
et al., 2018) do not maximize the log-likelihood directly,
since they rely on optimizing the evidence lower bound
while the autoregressive models (Hochreiter & Schmidhu-
ber, 1997; Graves, 2013; van den Oord et al., 2016b;c; Van
Den Oord et al., 2016; Reed et al., 2017; Ramachandran
et al., 2017) are computationally expensive during genera-
tion.

2. Contribution
Our main contribution is a practically applicable architec-
ture for flow-based video prediction models which we call
VideoFlow. To our knowledge, prior work has only applied
such models to generate static images (Kingma & Dhariwal,
2018) or sound (Prenger et al., 2018). In this work, we learn
a latent dynamical system model that predicts future values
of the flow model’s latent state. Our empirical results show
that VideoFlow can produce excellent qualitative predictions
with quantitative results that are competitive with the best
VAE techniques in stochastic video prediction on the action-
free BAIR dataset. Our model further directly optimizes
the likelihood of training videos, allowing us to evaluate its
performance directly in terms of likelihood values, performs
exact inference and is computationally efficient during in-
ference and generation.1.

1We generate 64x64 videos of 20 frames in less than 3.5 sec-
onds on a NVIDIA P100 GPU as compared to (Reed et al., 2017)
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3. Preliminaries: Flow-Based Generative
Models

In flow-based generative models (Dinh et al., 2014; 2016),
we model the data as if it was first generated from a latent
space pθ(z), then transformed to x through an invertible
transformation:

z ∼ pθ(z) (1)
x = gθ(z) (2)

where z is the latent variable and pθ(z) has a simple,
tractable density, such as a spherical multivariate Gaussian
distribution: pθ(z) = N (z; 0, I). The function gθ(..) is
invertible, such that given a datapoint x, latent-variable in-
ference is done by z = fθ(x) = g−1

θ (x). We will omit
subscript θ from fθ and gθ.

We focus on functions where f (and, likewise, g) is com-
posed of a sequence of invertible transformations: f =
f1 ◦ f2 ◦ · · · ◦ fK . Under the change of variables of Eq. (2),
the probability density function (PDF) of the model given a
datapoint can be written as:

log pθ(x) = log pθ(z) + log |det(dz/dx)| (3)

= log pθ(z) +

K∑
i=1

log |det(dhi/dhi−1)| (4)

where h0 , x and hK , z. The scalar value
|det(dhi/dhi−1)| is the absolute value of the determinant
of the Jacobian matrix (dhi/dhi−1), also called the Jaco-
bian determinant. This value is the change in log-density
when going from hi−1 to hi under transformation fi. As
explored in prior work (Deco & Brauer, 1995; Dinh et al.,
2014; 2016; Rezende & Mohamed, 2015; Kingma et al.,
2016; Kingma & Dhariwal, 2018), we choose transforma-
tions whose Jacobian dhi/dhi−1 is a triangular matrix, di-
agonal matrix or a permutation matrix for computational
efficiency. For permutation matrices, the Jacobian determi-
nant is one. For triangular and diagonal Jacobian matrices
L = dhi/dhi−1, the determinant is simply the product of
diagonal terms, such that:

log |det(L)| =
∑
j

log |Lj,j | (5)

where log() takes the element-wise logarithm, and Lj,j is
the j-th element on the diagonal of matrix L.

4. VideoFlow - Autoregressive latent
dynamics model

In our model, we break up the latent space z into sepa-
rate latent variables per timestep: z = {zt}Tt=1. The latent

which generate a frame every 3 seconds

variable zt at timestep t is an invertible transformation of
a corresponding frame of video: xt = gθ(zt). Further-
more, like in (Dinh et al., 2016; Kingma & Dhariwal, 2018),
we use a multi-scale architecture: the latent variable zt is
composed of a stack of multiple levels: where each level
l encodes information about frame xt at a particular scale:
zt = {z(l)t }Ll=1, one component z(l)t per level.

As in equation (1), we need to choose a form of latent prior
pθ(z). We use the following autoregressive factorization for
the latent prior:

pθ(z) =

T∏
t=1

pθ(zt|z<t) (6)

where z<t denotes the latent variables of frames prior to the
t-th timestep: {z1, ..., zt−1}. We specify the conditional
prior pθ(zt|z<t) as having the following factorization:

pθ(zt|z<t) =

L∏
l=1

pθ(z
(l)
t |z

(l)
<t, z

(>l)
t ) (7)

where z(l)<t is the set of latent variables at previous timesteps
and at the same level l, while z

(>l)
t is the set of latent vari-

ables at the same timestep and at higher levels. See figure 1
for a graphical illustration of the dependencies.

We let each pθ(z
(l)
t |z

(l)
<t, z

(>l)
t ) be a conditionally factorized

Gaussian density:

pθ(z
(l)
t |z

(l)
<t, z

(>l)
t ) = N (z

(l)
t ;µ, σ) (8)

where (µ, log σ) = NNθ(z
(l)
<t, z

(>l)
t ) (9)

where NNθ() is a deep residual network (He et al., 2015).
We have described the architecture with ablation studies in
the appendix with network figures at the website.

We have chosen to let the prior pθ(z), as described in eq. (6),
model temporal dependencies in the data, while constraining
the flow gθ to act on separate frames of video. We have
also experimented with 3-D convolutional flows, which we
found to be computationally expensive in comparison to
our architecture; In addition, due to memory limits, we
found it only feasible to perform SGD with a small number
of sequential frames per gradient step. In the case of a
3-D flow, this would also change the distribution between
training and synthesis, leading to temporal artifacts.

5. Experiments
The code to reproduce our quantitative results along with the
full set of hyperparameters is available in the Tensor2Tensor
repository. Our qualitative results can be viewed at this
website. In the generated videos, a border of blue represents
the conditioning frame, while a border of red represents the
generated frames.

https://sites.google.com/corp/view/videoflow/home
https://github.com/tensorflow/tensor2tensor/blob/master/tensor2tensor/models/video/next_frame_glow.py
https://github.com/tensorflow/tensor2tensor/blob/master/tensor2tensor/models/video/next_frame_glow.py
https://sites.google.com/corp/view/videoflow/home
https://sites.google.com/corp/view/videoflow/home
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Figure 1: The input at each timestep xt is encoded
into multiple levels of stochastic variables (z

(1)
t , . . . , z

(L)
t ).

We model those levels through a sequential process∏
t

∏
l p(z

(l)
t | z

(l)
<t, z

(>l)
t ).

5.1. Video modelling with the Stochastic Movement
Dataset

We use VideoFlow to model the Stochastic Movement
Dataset used in prior work (Babaeizadeh et al., 2017). In
this dataset, the first frame of every video consists of a shape
placed near the center of a 64x64x3 resolution gray back-
ground with its type, size and color randomly sampled. The
shape then moves in one of eight random directions. Since
the shape moves with a uniform speed, we should be able to
model the position of the shape at the (t+1)th step using its
position at the tth step. At t = 2, the position of the shape is
probabilistic and for any other t the position is deterministic
given previous timesteps. Using this insight, we extract
random temporal patches of 2 frames from each video of
3 frames. We then use the VideoFlow model to maximize
the log-likelihood of the second frame given the first. We
observe that the bits-per-pixel on the holdout set reduces to
a very low values between 0.05 and 0.09 bits-per-pixel. On
generation of videos conditioned on the first frame with the
shape at the center, we observe that the model consistently
predicts the future trajectory of the shape to be one of eight
random directions.

5.2. Video Modeling with the BAIR Dataset

We use the action-free version of the BAIR robot pushing
dataset (Ebert et al., 2017) that contain videos of a Sawyer
robotic arm with resolution 64x64. In the absence of actions,
the task of video generation is completely unsupervised with
multiple plausible trajectories due to the partial observability
of the environment and stochasticity of the robot actions. For
each video we extract the first 13 frames to be compatible
with previous work and take a random temporal patch of
4 frames due to memory constraints. Using Equation 6,
we then train our VideoFlow model to maximize the log-
likelihood of the 4th frame given the context of 3 previous
frames; the residual network described in the appendix looks

back n = 3 frames. This stochastic objective gives is an
unbiased estimator of the log-likelihood of frame 4 to 13,
conditioned on the first three frames. We set apart 512
videos from the training set as a validation set on which
hyper-parameters are optimized. For evaluation, we use
the first 3 frames as ground-truth conditioning frames. For
each of the remaining 10 target frames, we compute the
bits-per-pixel given the window of 3 previous frames. We
then average this across all the 10 target frames and the test
set. We report a value of 1.87 bpp on the test set.

Figure 2: For a given set of conditioning frames on the BAIR
action-free we sample 100 videos from each of the stochastic
video generation models. We choose the video closest to the
ground-truth on the basis of VGG perceptual metrics that
correlate with human perception higher is better (Zhang
et al., 2018; Johnson et al., 2016). All the models were
trained using ten target frames but are tested to generate 27
frames.

5.3. Comparison with stochastic video-generation
baselines

We compare against two state-of-the-art stochastic video
generation models, SAVP-VAE (Lee et al., 2018) and SV2P
(Babaeizadeh et al., 2017) using their open-source imple-
mentations (Vaswani et al., 2018). We train these baseline
video models to predict ten frames given three conditioning
frames, ensuring that all the video models have seen a total
of 13 frames during training. Both these models use varia-
tions of temporal VAEs which are intractable. To make a
quantitative comparison with the baselines, we follow the
metrics proposed in prior work (Babaeizadeh et al., 2017;
Lee et al., 2018). We describe the metric and report our
findings in Figure 2. In prior work, (Lee et al., 2018) and
(Babaeizadeh et al., 2017) remove pixel-level noise by using
a deterministic decoder and tuning this as a hyperparame-
ter. In VideoFlow, we can remove pixel-level noise at the
cost of diversity by sampling videos at a lower temperature
(Kingma & Dhariwal, 2018), the procedure of which, we
describe in the appendix. We report results with a temper-
ature of 1.0 and the optimal temperature in Figure 2. Our
model with optimal temperature outperforms the SAVP-
VAE model while the model at temperature T = 1.0 is
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Figure 3: Left: The top and bottom row correspond to generated videos in the absence and presence of occlusions
respectively. Center: Latent space interpolations on the Stochastic Movement Dataset. Right: Latent space interpolations
on the BAIR robot pushing dataset

competent with other state-of-the-art models.

We also computed the variational bound of the bits-per-pixel
loss, via importance sampling, from the posteriors for the
SAVP-VAE and SV2P models. Neither of these models
estimate a pixel-level variance; we estimated the optimal
pixel-level variance for both models. We obtain high val-
ues of bits-per-pixel, larger than 6, for these models. We
attribute this to the optimization objective of these models:
they do not have a true reconstruction loss due to scheduled
sampling and they do not optimize the log-likelihood di-
rectly due to the presence of a β 6= 1 term in their objective.

Figure 4: For a given test video, we compute the likelihood
of the tth target frame Xt belonging to P(X4 = Xt|X<4)
for t = 4 . . . 13 using our model to detect temporal anoma-
lies. We average the corresponding bits-per-pixel across the
test-set and plot error bars.

5.4. Out-of-sequence detection

We use our trained VideoFlow model, conditioned on 3
frames as explained in Section 5.2, to detect the plausi-
bility of a temporally inconsistent frame to occur in the
immediate future. To do this, we condition the model on
the first three frames of a test-set video X<4 to obtain a
distribution P (X4|X<4) over its 4th frame X4. We then
compute the likelihood of the tth frame Xt of the same
video to occur as the 4th time-step using this distribution.
i.e, P(X4 = Xt|X<4) for t = 4 . . . 13. We average the
corresponding bits-per-pixel values across the test set and
report our findings in Figure 4. We find that our model
assigns a monotonically decreasing log-likelihood to frames

that are more far out in the future and hence less likely to
occur in the 4th time-step.

5.5. Effect of temperature

We study the effect of temperature on the quality of gen-
erated videos. At lower temperatures, the arm exhibits
slow motion with lower uncertainty and the background
objects remaining static. At higher temperatures, the arm
exhibits stochastic motion with more uncertainty, with the
background objects becoming much noisier.

5.6. Longer predictions

We generate 100 frames into the future using our model
trained on 13 frames with a temperature of 0.5. We display
our results in Figure 3. Even 100 frames into the future, the
generated frames remain in the image manifold maintaining
temporal consistency. In the presence of occlusions, the arm
remains super-sharp but the background objects become
distorted. In future work, we would address this drawback
by incorporating longer memory by using memory-efficient
backpropagation algorithms for invertible networks (Gomez
et al., 2017) or parameterizing NNθ() as a recurrent neural
network instead of residual networks in our autoregressive
prior (eq. 9).

5.7. Latent space interpolation

BAIR robot pushing dataset: We encode the first input
frame and the last target frame into the latent space using
our trained VideoFlow encoder and perform temporally-
cohseive interpolations. On interpolating specific levels,
we find that the bottom level interpolates the motion of
background objects which are at a smaller scale while the
top level interpolates the arm motion.

Stochastic Movement Dataset: We encode two different
shapes with their type fixed but a different size and color into
the latent space. We observe that the size of the shape gets
smoothly interpolated. During training, the colors of the
shapes are discretized which is reflected in our experiments.
We observe that all the colors in the interpolated space lie
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in the set of colors in the training set.
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A. Residual Network Architecture
Here we’ll describe the architecture for the residual network
NNθ() that maps z

(l)
<t, z

(>l)
t to (µ(l)

t , log σ
(l)
t ). Let h(>l)

t

be the tensor representing z
(>l)
t after the split operation

between levels in the multi-scale architecture. We apply a
1 × 1 convolution over h(>l)

t and concatenate this across
channels to each latent from the previous time-step and
the same-level independently. In this way, we obtain
((Wh

(>l)
t ; z

(l)
t−1), (Wh

(>l)
t ; z

(l)
t−2) . . . (Wh

(>l)
t ; z

(l)
t−n)).

We transform these values into (µ(l)
t , log σ

(l)
t ) via a stack of

residual blocks. We obtain a reduction in parameter count
by sharing parameters across every 2 time-steps via 3-D
convolutions in our residual blocks.

Each 3-D residual block consists of three layers. The first
layer has a filter size of 2x3x3 with 512 output channels
followed by a ReLU activation. The second layer has two
1× 1× 1 convolutions via the Gated Activation Unit (Van
Den Oord et al., 2016; van den Oord et al., 2016a). The
third layer has a filter size of 2 × 3 × 3 with the number
of output channels determined by the level. This block is
replicated three times in parallel, with dilation rates 1, 2 and
4, after which the results of each block, in addition to the
input of the residual block, are summed.

The first two layers are initialized using a Gaussian distri-
bution and the last layer is initialized to zeroes. In that way,
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the residual network behaves as an identity network during
initialization allowing stable optimization. After applying a
sequence of residual blocks, we use the last temporal activa-
tion that should capture all context. We apply a final 1× 1

convolution to this activation to obtain (∆z
(l)
t , log σ

(l)
t ). We

then add ∆z
(l)
t to z

(l)
t−1 to a temporal skip connection to out-

put µ(l)
t . This way, the network learns to predict the change

in latent variables for a given level.

B. Ablation Studies
Through an ablation study, we experimentally evaluate the
importance of the following components of our VideoFlow
model: (1) the use of temporal skip connections, (2) the
use Gated Activation Unit (GATU) instead of ReLUs in the
residual network (section ??), and (3) the use of dilations
in NNθ().

We start with a VideoFlow model with 256 channels in
the coupling layer, 16 steps of flow and remove the com-
ponents mentioned above to create our baseline. We use
four different combinations of our components (described in
Fig. 5) and keep the rest of the hyperparameters fixed across
those combinations. For each combination we plot the mean
bits-per-pixel on the holdout BAIR-action free dataset over
300K training steps for both affine and additive coupling
in Figure 5. For both the coupling layers, we observe that
the VideoFlow model with all the components provide a
significant boost in bits-per-pixel over our baseline.

We also note that other combinations—dilated convolutions
+ GATU (C) and dilated convolutions + the temporal skip
connection —improve over the baseline. Finally, we expe-
rienced that increasing the receptive field in NNθ() using
dilated convolutions alone in the absence of the temporal
skip connection or the GATU makes training highly unsta-
ble.

C. Temperature
We can remove pixel-level noise in our VideoFlow model
resulting in higher quality videos at the cost of diversity.
For a network trained with additive coupling layers, we can
sample the tth frame xt from P (xt|x<t) with a temperature
T simply by scaling the standard deviation of the latent
gaussian distribution P (zt|z<t) by a factor of T. To achieve
a balance between quality and diversity, we tune the temper-
ature using the maximum VGG similarity across 100 video
samples with the ground-truth as a metric2.

D. Likelihood vs Quality
We show correlation between training progression (mea-
sured in bits per pixel) and quality of the generated videos
in Figure 6. We display the videos generated by condition-
ing on frames from the test set for three different values of
bits-per-pixel on the test-set. As we approach lower bits-per-
pixel, our VideoFlow model learns to model the structure of
the arm with high quality as well as its motion resulting in
high quality video.

E. VideoFlow - BAIR Hyperparameters
E.1. Quantitative - Bits-per-pixel

To report bits-per-pixel we use the following set of hyperpa-
rameters. We use a learning rate schedule of linear warmup
for the first 10000 steps and apply a linear-decay schedule
for the last 150000 steps.

Hyperparameter Value
Flow levels 3

Flow steps per level 24
Coupling Affine

Number of coupling layer channels 512
Optimier Adam

Batch size 40
Learning rate 3e-4

Number of 3-D residual blocks 5
Number of 3-D residual channels 256

Training steps 600K

E.2. Qualitative Experiments

For all qualitative experiments and quantitative comparisons
with the baselines, we used the following sets of hyperpa-
rameters.

Hyperparameter Value
Flow levels 3

Flow steps per level 24
Coupling Additive

Number of coupling layer channels 392
Optimier Adam

Batch size 40
Learning rate 3e-4

Number of 3-D residual blocks 5
Number of 3-D residual channels 256

Training steps 500K
2The temperature was tuned on a linear scale between 0.1 and

1.0 on the validation set.
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Figure 5: B: baseline, A: Temporal Skip Connection, C: Dilated Convolutions + GATU, D: Dilation Convolutions
+ Temporal Skip Connection, E: Dilation Convolutions + Temporal Skip Connection + GATU. We plot the holdout
bits-per-pixel on the BAIR action-free dataset for different ablations of our VideoFlow model.

Figure 6: We provide a comparison between training pro-
gression (measured in the mean bits-per-pixel objective on
the test-set) and the quality of generated videos.

F. Hyperparameter grid for the baseline video
models.

We train all our baseline models for 300K steps using the
Adam optimizer. Our models were tuned using the maxi-
mum VGG cosine similarity metric with the ground-truth
across 100 decodes.

SAVP-VAE and SV2P: We use three values of latent loss
multiplier 1e-3, 1e-4 and 1e-5. For the SAVP-VAE model,
we additionally apply linear decay on the learning rate for
the last 100K steps.
SAVP-GAN: We tune the gan loss multiplier and the learn-

ing rate on a logscale from 1e-2 to 1e-4 and 1e-3 to 1e-5
respectively.

Figure 7: We compare P(X4 = Xt|X<4) and VGG cosine
similarity between X4 and Xt for t = 4 . . . 13

G. Correlation between VGG perceptual
similarity and bits-per-pixel

We plot correlation between cosine similarity using a pre-
trained VGG network and bits-per-pixel using our trained
VideoFlow model. We compare P(X4 = Xt|X<4) as done
in Section 5.4 and the VGG cosine similarity between X4

and Xt for t = 4 . . . 13. We report our results for every
video in the test set in Figure 4. We notice a weak corre-
lation between VGG perceptual metrics and bits-per-pixel
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with a correlation factor of −0.51.


