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Abstract
This paper studies action-conditional video
frame prediction problem for Atari games. We
adopt the deep convolution-action-deconvolution
architecture in (Oh et al., 2015), and combine
it with the equivariance contrastive loss de-
scribed in (Jayaraman & Grauman, 2015) using
a Siamese network. We construct a dataset from
four Atari games using two different types of
agents under a variety of conditions. We design
three deep network based models and found that
one of them perform comparably to the previous
method. While our models do not show improve-
ment over the original, we learned more about the
characteristics of these networks in the process.

1. Introduction
This work explores frame prediction problem in the videos
game domain. Given the the current and past frames and
the most recent action input, we want to predict the imme-
diate next frame. A model that can accurately predict future
is an important component for planning-based control algo-
rithms such as deep reinforcement learning (RL) and tree-
search based algorithms. In many vision-based RL prob-
lem, e.g., Atari games (Bellemare et al., 2012a), the model
for dynamics between the agent and the environment is of-
ten unavailable. Learning a predictive model could enable
us to learn transition functions in the Markov decision pro-
cess. This allows us to use model-based RL approaches
to tackle these problems. In addition, planning-based al-
gorithms such as Monte Carlo tree search can significantly
improve the performance of RL algorithms as shown by the
recent successes in applying these concepts in Go and Atari
game domains (Silver et al., 2016; Guo et al., 2014).

Futhermore, the tradeoff between exploration and exploita-
tion in RL algorithms affects the convergence speed (Sutton

& Barto, 1998). A common way for an agent to do explo-
ration is to select an action randomly. However, a learned
predicative model can inform the agent the consequences
of actions. Hence, if the agent has an explicit memory, it
can choose to go to a state (image frame) which it has not
visited before and performs an informed exploration (Oh
et al., 2015). However, this technique only significantly
improves the deep Q-learning algorithm in one out of five
games that they tested. Whether this is due to the quality of
prediction is still an unanswered question.

In this paper, we want to combine the techniques from (Oh
et al., 2015) and (Jayaraman & Grauman, 2015) for frame
prediction. Ohs model trains a convolutional neural net-
works (CNN) with LSTM layers (Hochreiter & Schmidhu-
ber, 1997) that predict the next video frame of Atari games
(Bellemare et al., 2012a), given the current and past frames
and the current control action as inputs. We adopt the
convolution-action-deconvolution architecture from their
work as the basis of our model. However, their network
requires requires 500,000 frames per game ( 9.25 hours of
game play at 15Hz) for training. In domains other than
video games, such as robot navigation, this amount of data
is expensive to acquire. We hope to find a suitable reg-
ularize to make this approach more valuable for smaller
datasets.

We hypothesize that learning motion equivariance repre-
sentations will produce better video frame predictions. The
goal is to improve the action-conditioned video frame pre-
diction by incorporating motion equivariance constraints.

The work of (Jayaraman & Grauman, 2015) introduces the
concept of learning equivariance representation in the la-
tent space for videos and synchronized actions. They use a
Siamese network to incorporate a contrastive loss (Brom-
ley et al., 1993; Hadsell et al., 2006; Mobahi et al., 2009),
which seeks to learn unique transformations from each ac-
tions. Their evaluation is on the scene recognition task with
the contrastive loss serves as a regularizer. We want to ex-
tend this approach to the video frame prediction task.

This is not a direct transfer of the ego-motion concept to a
different domain. Where as (Jayaraman & Grauman, 2015)



emphasizes the ego-motion equivariance features, the mo-
tions in Atari games are mostly not ego-centric. In addition,
most games have many objects on the screen that are mov-
ing but are not directly controlled by the input actions. We
want to answer the question of whether by applying mo-
tion equivariance constraints could help video prediction
with the presence of aforementioned dynamic objects.

The rest of the paper is organized as follows. Section 2
presents related work. In section 3 we show our data col-
lection procedure. Section 4 introduces our method. Sec-
tion 5 presents experiments and results. Lastly, Section 6
concludes and discusses potential future work.

2. Related Work
Action conditioned video prediction There are many
works on action-conditioned predictive models from rein-
forcement learning research, but they mostly address pre-
dictions for high-level states, e.g., locations and positions.
Vision-based RL prediction problem was introduced by
(Schmidhuber & Huber, 1991). Directly predicting the raw
pixel image frames is a relatively new approach (Oh et al.,
2015), with the success of deep neural networks. The work
(Watter et al., 2015) tried to predict long-term image se-
quences for control problems using a variety of autoen-
coders. (Bellemare et al., 2013; 2014) attempt to predict
images patches by its neighboring patches. (Lenz et al.,
2015) uses a recurrent neural network to predict robot 3D
coordinates, as a component of model predictive control al-
gorithm.

The embodied (visuomotor) approach to vision prob-
lems One motivation of (Jayaraman & Grauman, 2015) is
that visual feature learning can be tied with ego-motions so
the consequences of motions will be encoded in the learned
feature space. A contemporary and closely related work is
(Agrawal et al., 2015). Their method uses ego-motion as an
additional supervision signal for feature learning albeit in a
more direct setting. Using a Siamese sytle CNN, their sys-
tem learns the weights to predict the correct transformation
given sequential image-motion pairs. Other works also in-
vestigate roles ego-motion can play when used in conjunc-
tion with ego-centric video streams. (Cohen & Welling,
2014) tries to learn independent, irreducible representation
of an object’s movement relative to the observer. (Konda &
Memisevic, 2015) attempts to predict the underlying action
using the visual information alone. Our project follows the
same vein as these past works by using the image and the
associated action constrained by equivariance to make the
right prediction of the next frame. This task is very simi-
lar to (Agrawal et al., 2015) by using action as additional
supervision from the ego-centric point-of-view.

The Siamese Network The Siamese network (Bromley

et al., 1993; Hadsell et al., 2006; Mobahi et al., 2009) al-
lows weight sharing among networks, and is trained using
contrastive loss. This network has become a standard tech-
nique for deep learning and is applied to signature verifi-
cation (Bromley et al., 1993), face verification (Taigman
et al., 2014), speaker-specific information extraction (Chen
& Salman, 2011), etc. The contrastive loss accounts for the
negative training samples, and seeks to push learned repre-
sentation apart from the positive training samples. In our
case, the contrastive loss pushes transformations under dif-
ferent actions apart.

3. Data Collection
Due to a recent update of the Atari emulator with some bug
fixes (Bellemare et al., 2012a), we do not reuse the data
from (Oh et al., 2015). Instead, we collect our own by us-
ing two different types of agents on the Atari emulator. The
first agent is a random agent, which chooses an action uni-
formly random from the action set. The second agent is
an agent trained using a Monte Carlo Tree Search (MCTS)
algorithm, namely the Upper Confidence Bound applied to
trees (UCT) (Kocsis & Szepesvári, 2006). The Atari em-
ulator is deterministic if the game seed is fixed, hence one
can use UCT to obtain a sequence of moves and perform
reasonably well in many of the Atari games. By combining
data from both agents, we can obtain long episodes from
UTC agent with frames deep in the game state space and
cover more breath using the random agent. Ideally, a deep
RL agent with ε-greedy policy should be used in the future.
However, such agent would be time-consuming to train.

Figure 1 shows a sample frame from each game that we
use to collect data. Table 3 summarizes characteristics of
each game. Note that Battlezone is specifically chosen be-
cause its motion is mainly ego-centric. Different games
can result in drastically different prediction accuracies in
Ohs model. Having a variety of games help us to explore
this issue further and see how game characteristics affect
the performance with our model.

We record videos frames along with control actions. The
data is assumed to be organized into a collection of frame-
action pairs:

D = {(x1, a1), · · · , (xN , aN )}Nt=1 (1)

All games are recorded at 15Hz down sampling from the
original 60Hz. The missing frames have the same action
inputs to the emulator as the previous action. This allows
adequate visual change to the output frame as the original
games were designed to have slower human inputs in mind.
A total of 50,000 frames are recorded for each game. In
addition, we gathered data for Battlezone at 6Hz, 2Hz, 1Hz,
and 0.5Hz as well.



Game Freeway Pong
Background Fixed Fixed
Object Entry Yes No
Object Leave Yes No
Viewpoint top-down top-down
Game Space Invaders Battlezone
Background Fixed Changing
Object Entrance No Yes
Object Exit Yes Yes
Viewpoint top-down 1st person

Table 1. These are the game data characteristics for the 4 games.
Object Entrance and Exit indicate that whether there are consider-
able amount of objects consistently enter/leave the game screens.

Figure 1. Four Atari games we use. Top left: game Freeway. The
object being controlled is the chicken (yellow one on the bottom
left). Top right: Pong. The controlled object is the green peddle.
Bottom left: Space Invaders. The controlled object is the green
spaceship at the bottom. Bottom right: Battlezone. The game is
ego-centric.

4. Method
Since the actions in Atari emulator are discrete, we will not
need to cluster ego-motion patterns as (Jayaraman & Grau-
man, 2015) did. We modify the feedforward CNN structure
used by (Oh et al., 2015). The original network is shown in
Figure 2.

Figure 2. The feedforward only deep CNN structure from (Oh
et al., 2015).

The input frame(s) is fed into several convolution layers
to get a latent space representation. Then, the action, rep-
resented by a one-hot vector, is transformed to the same
dimension and combined with the input through point-wise
multiplication. A mirror collection of deconvolution layers
follows to decode the signal back to the pixel space. The
resulting output is the prediction of the next frame. Their
loss function is defined as the Euclidean distance between
the predicted and actual frame:

Lp(θ) =
∑
t

||X̂t −Xt||22 (2)

where X̂ is the predicted frame and X is the actual frame.
θ are convolution and deconvolution network parameters to
be learned. Our model combines the above Euclidean loss
with a contrastive loss:, so the overall loss is:

L(θ,M) = Lp + λLc(θ,M) (3)

where λ is a regularizing constant that needs to be carefully
tuned. The contrastive loss Lc(θ,M) is of the form similar
to the one described in Equation (5) and (6) of (Jayaraman
& Grauman, 2015):

Lc(θ,M) =
∑
i

da(Xt, Xt+1, at) (4)

where Ma is the equivariance map matrix for action a and
assumed to be linear. ai,t is the action i taken at time t.
Raw sequential framesXt andXt+1 are transformed to the
latent feature space through convolution layers. The con-
trastive loss for action a that progresses Xt to Xt+1 is de-
fined as follows:

da(Xt,Xt+1, at) = 1(at = a)

||Maconv(Xt)− conv(Xt+1)||22
+ 1(at 6= a)

max(δ − ||Maconv(Xt), conv(Xt+1)||22, 0)

(5)

Intuitively, optimization of the loss function bring Xt and
Xt+1 together in the latent feature space given the correct
action transformation. For all other action transformations,
they are pushed apart by a fixed margin δ. Since Equa-
tion 3 combines two loss together, we jointly optimize for
θ,M . The network will try to obtain a high prediction qual-
ity, meanwhile attempts to ensure that different actions will
map the same input frame into different representations in
the latent space. The network architecture that implements
the loss functions in Equations 3, 4, and 5 is shown in Fig-
ure 3. The parameters for convolution layers are shared
forming a Siamese network.



Figure 3. Model 1 architecture. The convolution layers are shared
and hence the network is a Siamese network. Xt is the input
frame(s). at is the current action. Xt+1 is the next frame. X̂t+1

is the prediction. Mis are the equivariance maps.

In addition to the previously described architecture, we de-
signed another two novel variations for the same predic-
tion task. The intuition is that instead of applying the con-
trastive loss in latent feature space, one can apply it in the
reconstructed pixel space. i.e., given different actions, we
want the network to produce different next frames. The
new loss function is then just:

L(θ) = Lc(θ) =
∑
i

da(X̂ai,t+1, Xt+1, ai,t) (6)

since the contrastive loss counts for the prediction loss in
the positive mode. And the new contrastive loss is hence:

da(X̂ai,t+1, Xt+1, ai) = 1(ai = a)||X̂ai,t+1 −Xt+1||22
+1(ai 6= a)max(δ − ||X̂ai,t+1 −Xt+1||22, 0)

(7)

Our second model is shown in Figure 4, where the all the
actions are combined with the input. Weights from the de-
convolution layers are shared between the networks. The
contrastive loss pushes away predictions by the wrong ac-
tions.

A slightly different architecture that implements the same
loss function is shown in Figure 5. The main difference is
that no action is used in the latent space and deconvolution
weights are not shared. Instead, each action learns its own
deconvolution layers.

For all networks, the input Xt can have multiple frames.
(Oh et al., 2015) finds that using frames from the past can
help predictions. Hence, Xt can be a stack of the current
frame and immediate previous frames. We use both 1 and
4 frame stacks are input for our experiments.

Figure 4. Model 2 architecture. The deconvolution layers are both
shared. Different actions are used for transformation.

Figure 5. Model 3 architecture. Each action has its own deconvo-
lution layers.

All our models are implemented using the Caffe deep learn-
ing library (Jia et al., 2014). All networks are trained using
Adam solver (Kingma & Ba, 2014) with default parame-
ters. The baseline learning rate ranges from 1e−4 to 1e−6.
The learning rate decays by steps with the step size vary-
ing depending on experimental conditions. The minimum
distance δ in contrastive loss ranges from 0.01 to 1. The
regularizing constant λ ranges from 0.01 to 0.1.

5. Experiments and Results
First, we replicate the model in Figure 2 (Oh et al., 2015),
which we will refer to as Oh’s model. We train another
baseline that is not action-conditional, i.e., we do not feed
action into the latent space for the architecture in Ohs
model. We will refer this as the no-act baseline.

5.1. Results

Unfortunately, the networks in Figure 4 and 5 do not con-
verge to a satisfactory loss magnitude even after extensive
modification to both margin distance δ and learning rate.
Figure 6 shows the loss function over iterations. The out-
put of both network resembles that of the no-act baseline.



Figure 6. The training loss for our newly proposed network archi-
tectures never converge.

We will discuss the potential cause of this phenomenon in
the Section 6.

We first show some qualitative comparisons between pre-
diction results of no-act baseline, our model 1 (Figure 3),
Oh’s model, and the ground truth for each game. We
experiment with dataset sizes of 1k, 2k, 10k, and 100k,
where training and testing data are evenly split. Fig-
ures 7, 8, 9, and 10 show results of the models trained
on 2k images. Videos of the results can be in the fol-
lowing links: youtu.be/AMl5mNzwP0c (1 frame) and
youtu.be/SApB-rWibhg (4 frame).

Figure 7. Prediction results for game Freeway. The action here is
UP. Top row: 1 frame input. Bottom row: 4 frames input. Each
row from left to right: current frame; no-act baseline prediction;
our model’s prediction; Oh’s model’s prediction; and the ground
truth. The red boxes highlight the object being controlled, and
they are placed at the same position to help visualize the conse-
quences of the action. The results for the rest of the games will be
presented in the same manner.

The quantitative results in average mean squared error
(MSE) for each model can be found in Table 2. Note that
using 1 frame input, the MSE for no-act can be better than

Figure 8. Prediction results for Pong. The action here is UP.

Figure 9. Prediction results for Space Invaders. The action here is
RIGHT.

Figure 10. Prediction results for game Battle Zone. The action
here is RIGHT. Yellow boxes highlight the major visual differ-
ences after taking the action.

Oh’s model and our model. However, when we visualize
the results, no moving objects from no-act prediction is vis-
ible. Both Ohs and our models captures blurry regression
of where the object could be. This might be because the
predicted blurs do to retain the original colors of the mov-
ing objects well. MSE simply did not fully capture this
these features.

We then hypothesize that maybe our tasks are not difficult
enough for Oh’s model. Hence we choose a game like Bat-
tle Zone and use data collected at much lower frame rates
at 6Hz, 2Hz, 1Hz, and 0.5Hz. Now a single action would
change the scene drastically. Lower frequency makes the
prediction more challenging and degrades the performance
for all methods. Table 3 shows the average MSE results.
Other than for 0.5hz where our model fails to converge,

youtu.be/AMl5mNzwP0c
youtu.be/SApB-rWibhg


1 frame 4 frame
No action Oh et al. Ours No action Oh et al. Ours

Freeway 9.77 ± 0.17 15.64 ± 0.53 15.16 ± 0.55 4.20 ± 0.22 0.49 ± 0.05 0.57 ± 0.08
Battle Zone 47.33 ± 9.94 54.02 ± 9.56 57.07 ± 6.88 54.85 ± 9.14 13.51 ± 21.05 16.83 ± 20.89
Space Invaders 26.54 ± 0.96 25.90 ± 1.03 25.07 ± 0.94 24.67 ± 1.06 8.16 ± 4.00 7.88 ± 5.48
Pong 15.86 ± 0.67 5.62 ± 0.43 6.51 ± 0.60 20.93 ± 1.28 0.92 ± 0.16 0.86 ± 0.17

Table 2. The average mean square error across the test set.

No action Oh et al. Ours

Battle Zone 15 hz 54.85 ± 9.14 13.51 ± 21.05 16.83 ± 20.89
Battle Zone 6 hz 93.16 ± 1.69 14.17 ± 21.18 14.02 ± 21.60
Battle Zone 2 hz 64.67 ± 3.68 14.18 ± 20.44 15.64 ± 19.57
Battle Zone 1 hz 70.47 ± 2.05 15.02 ± 22.04 15.68 ± 22.90
Battle Zone 0.5 hz 67.63 ± 2.27 18.08 ± 23.34 42.15 ± 9.40

Table 3. The average mean square error for Battle Zone at different frame rates with 4 frame input.

Ohs model still performs slightly better on average. How-
ever, the gap becomes narrower than before. Video of the
results can be found here: youtu.be/-DYt_G0GJBE.

The main conclusions for our experiments are: first, predic-
tion with 1 frame as input is not sufficient to reproduce the
image but nonetheless captures the moving objects. Using
a stack of 4 frames significantly improves prediction accu-
racy. Second, our model 1 performs comparable to Oh’s
model, where both outperform the no-act baseline. No-act
baseline shows its inability to capture any moving objects,
which confirms the importance of action inputs in video
prediction tasks. Surprisingly, even with much smaller
amount of data (original dataset size 500k), Oh’s model can
still perform really well. In addition, we have several ob-
servations through visualization. The 4-frame version can
accurately predict score changes in Pong, since the scores
occupy a large region in Pong. Both our model and Oh’s
model cannot accurately predict small objects, such as the
ball in Pong and the bullets in Space Invaders. In addi-
tion, both models can predict object entrance, such as the
enemy’s tank in Battlezone. But they do not handle object
exits very well, such as the aliens in Space Invaders.

6. Conclusion and Future Work
Our new models do not show advantage over the ones de-
scribed in (Oh et al., 2015) and they are more difficult to
train. In addition, two of our networks do not converge
well. Perhaps Atari games might not be the most suitable
domain to apply these models due to the conflicting goals
for prediction loss and contrastive loss. The contrastive loss
tries to push representations or predictions for each action
apart and apply structure to the underlying encoding. How-
ever, this distance is often very small in Freeway, Pong,

Space Invaders and even Battle Zone as the changes result-
ing from the actions are limited. The conflict arises because
the prediction loss attempts to get the most of the pixels
correct, meanwhile contrastive loss exaggerates the small
differences resulted from actions. We hypothesize that a
dataset where actions will result in big changes in pixel
space, e.g., ego-motion dataset KITTI (Geiger et al., 2012;
2013), or other robot navigation datasets, will be more suit-
able.

For our future work, given more computational resource
and time, we first want to perform more experiments
in a systematic way, e.g., exhaustive search on hyper-
parameters and do MSE comparison on all combinations,
varying dataset sizes, try on some other games. Doing so
will give us more convincing results that could explain the
feasibility as well as characteristics of the models.

One issue with our model and Oh’s model is that they both
fail to capture small objects such as the bullets in Space In-
vader and Battle Zone or the ball in Pong. However, these
objects are important for control tasks because they corre-
late highly with rewards. Reward-conditional video predic-
tion may be tackled by introducing another prior based on
reward. This would highlight the objects or regions that are
tied to reward signals.

Another potential future work is to distinguish objects con-
trolled by the actions from those who are not. This is al-
ready a problem already mentioned by (Oh et al., 2015;
Bellemare et al., 2012b) in the Atari domain. In the cur-
rent vision-based control literature, the input state space is
often the raw pixel space. To tell apart controlled versus
uncontrolled objects is a challenging problem. It is still un-
clear how we can predict controlled objects directly from
our model.

youtu.be/-DYt_G0GJBE
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