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Deep Visual Foresight for Planning Robot Motion

Chelsea Finn1,2 and Sergey Levine1,2

Abstract— A key challenge in scaling up robot learning to

many skills and environments is removing the need for human

supervision, so that robots can collect their own data and

improve their own performance without being limited by the

cost of requesting human feedback. Model-based reinforcement

learning holds the promise of enabling an agent to learn to

predict the effects of its actions, which could provide flexible

predictive models for a wide range of tasks and environments,

without detailed human supervision. We develop a method

for combining deep action-conditioned video prediction models

with model-predictive control that uses entirely unlabeled

training data. Our approach does not require a calibrated

camera, an instrumented training set-up, nor precise sensing

and actuation. Our results show that our method enables a real

robot to perform nonprehensile manipulation – pushing objects

– and can handle novel objects not seen during training.

I. INTRODUCTION

Most standard robotic manipulation systems consist of a
series of modular components for perception and prediction
that can be used to plan actions for handling objects. Imagine
that a robot needs to push a cup of coffee across the table
to give it to a human. This task might involve segmenting
an observed point cloud into objects, fitting a 3D model to
each object segment, executing a physics simulator using
the estimated physical properties of the cup and, finally,
choosing the actions which move the cup to the desired
location. However, when robots encounter previously unseen
objects in complex, unstructured environments, this pipelined
model-based approach can break down when any one stage
has a sufficiently large modeling error. In particular, errors
early in the process cause compounding errors later in the
process, which in turn can produce actions that are ineffective
in the real world: even a small error in the estimated liquid
content in the cup or the friction coefficient might cause the
robot to push it too high above its center of mass, causing
the contents to spill. This is the essence of the unstructured
open world problem: when the robot has to deal with the
variability of the real world, methods based on rigid hand-
engineered processes tend to suffer at the hands of special
cases, exceptions, and unmodeled effects.

Learning-based methods have shown remarkable effec-
tiveness in handling complex, unstructured environments in
passive computer vision tasks, such as image classifica-
tion [1] and object detection [2], by co-adapting low and
high-level feature representations. Motivated by large-scale,
unsupervised robotic learning, we consider the question of
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cal Engineering and Computer Science, University of California, Berkeley,
Berkeley, CA 94720

Fig. 1. Using our approach, a robot uses a learned predictive model of
images, i.e. a visual imagination, to push objects to desired locations.

whether it is possible to replace the hand-engineered robotic
manipulation pipeline with a single general-purpose, learned
model that connects low-level perception with physical pre-
diction.

In this paper, we take a small step in the direction of this
goal, by demonstrating an approach for combining a learned
predictive model of raw sensory observations with model-
predictive control (MPC). Unlike most methods for robotic
learning, our approach requires minimal human involvement
and can learn in an entirely self-supervised fashion, without
a detailed reward function, an image of the goal, or ground
truth object pose information. At test time, we define the task
objective as moving a pixel or a group of pixels from their
current position to a desired goal position (e.g. see Figure 1).
This goal description allows us to specify how the robot
should affect objects in its environment. Also at test time, our
method optimizes for the sequence of actions that will move
the pixels as desired. The actions are continuously replanned
as the robot executes the task and receives new observations,
allowing the method to correct for mispredictions.

The primary contribution of our paper is to demonstrate
that deep predictive models of video can be used by real
physical robotic systems to manipulate previously unseen
objects. To that end, we present an MPC algorithm based on
probabilistic inference through a learned predictive image
model that allows a robot to plan for actions that move
user-specified objects in the environment to user-defined
locations. We apply a deep predictive model demonstrated
on video prediction in prior work [3], and show how the
ability of this model to learn implicit stochastic pixel flow
can be leveraged within a probabilistic MPC framework. To
evaluate the feasibility of robotic manipulation with learned
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• Build a action conditioned predictive model
• in pixel space
• using largely unsupervised interaction 

• Use predictive model for planning



Data collection

Fig. 4. The data for training the model was collected on 10 robots with
varying camera angles and positions. These images show the camera angles
for two of the robots used during data collection. Note the difference in
the position of the robot base. Due to these variations, our video prediction
model learns a calibration-invariant representation of object interactions.

This allows us to replan in real time, with new controls
computed about every 200 ms. To reduce the dimensionality
of the action space and further speed up inference, we tie
the commanded action across time, such that the model is
considering one commanded action, kept constant for H
timesteps. Because of the short time horizon, we largely
consider pushing tasks that involve fast, reactive control
rather than long-term planning. All of the online model com-
putations, including replanning, are done using a standard
desktop computer and a single, commercially-availble GPU.

B. Quantitative Comparisons
We provide quantitative comparisons to three baselines,

with the aim of evaluating whether or not our video predic-
tion model has learned a meaningful and nontrivial notion
of objects and physical interaction. Recall that object iden-
tity, inertia, and contact dynamics are not provided to nor
encoded in the model explicitly, but must be learned entirely
from data. Correspondingly, our baselines do not use any
knowledge about the objects in the scene, but are reasonably
effective for the short horizon pushing tasks that we consider.
The baselines are as follows:

1) Select actions randomly from a uniform distribution.
2) Servo the end-effector to the goal pixel position

(xg,yg), using a known camera calibration.
3) Servo the end-effector along the vector from the cur-

rent pixel position dt = (xt ,yt) to the goal (xg,yg),
with continuous replanning based on the current pixel
position estimated using optical flow.

If more than one designated pixel is specified, the last
two baselines use the first pixel only. The first baseline of
randomly selecting actions serves to calibrate the difficulty
of the task in choosing effective actions. The last two
baselines serve as a comparison to our method to test whether
our model is learning something meaningful about physical
object interaction, beyond simple motions of the arm. Note
that the last two baselines require hand-to-camera calibration,
which our model does not use. Since the data that was used
for training our predictive model was collected on a variety
of robots with varying camera placements and angles, as
illustrated in Figure 4, our video prediction model was forced
to learn a calibration-agnostic predictive strategy. The final

baseline and our method use an optical flow solver [40] to
track the position of the pixel for replanning. Note, however,
that the predictive model itself does not use the optical flow
to make predictions. The optical flow is used only during
the replanning phase to provide the initial P(st) distribution.
The flow solver is also used to quantitatively evaluate the
distance between the final position of the pixel and the goal
position of the pixel.

Note that we specifically choose baseline methods that do
not have prior knowledge about objects or physics. It is of
course possible to design a model-based pushing algorithm
that uses an object detector and physics simulator to more
precisely localize and move individual objects in the scene.
However, our aim is not to propose a superior method for
nonprehensile manipulation, but rather to explore the capa-
bilities and limitations of learning-based video prediction
models for performing robotic control tasks from scratch,
with minimal prior knowledge.

Our results, shown in Table I, indicate that our method is
indeed able to leverage the predictive model to improve over
the performance of the baselines. The performance of our
method compared to the last two baselines suggests that our
method is making meaningful inferences about the motion
of objects in response to the arm. Although these results
leave significant room for improvement, they suggest that
predictive models can be used with minimal prior knowledge
to perform robotic manipulation tasks. As video prediction
models continue to improve, we expect that the performance
of our method will improve with them. In the next section,
we analyze specific physical interactions to better understand
the capabilities and limitations of our model.

TABLE I
QUANTITATIVE COMPARISON: MEAN DISTANCE BETWEEN FINAL AND

GOAL PIXEL POSITIONS

method mean pixel distance
initial pixel position 5.10±2.25
1) random actions 4.05±1.75
2) move end-effector to goal 3.79±2.66
3) move end-effector along vector
(with replanning) 3.19±1.68

visual MPC (ours) 2.52±1.06

C. Qualitative Results
In this section, we evaluate the capabilities and limitations

of visual MPC with a set of qualitative experiments. The
goal of these experiments is to determine whether or not the
model can perform more complex manipulations that require
reasoning about object rotations and centers of mass. One of
the benefits of planning actions with a predictive model of all
pixels is that the model can be used to plan actions that affect
multiple pixels, causing them to move in different directions
in a coordinated fashion. For example, object rotation can
be represented by moving the pixels on opposite ends of an
object in opposite directions. To evaluate this capability, we
command the robot to rotate objects by specifying opposing
motions for pixels on either extreme of the object, as shown

• Action space?
• Target location of gripper
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Fig. 2. Our video prediction model predicts stochastic pixel flow transformation from the current frame to the next frame, which allows it to generate
predictions for subsequent images conditioned on a sequence of future actions. Predicted stochastic flow is parameterized by a set of normalized convolution
filters that give rise to an independent Gaussian distribution over future images. Internally, our model predicts multiple stochastic flow channels, in order
to process multiple separate moving objects. These channels are composited using learned object masks. The only supervision to the model consists of
video, action, and state sequences, with no explicit supervision over flows or masks. The flows and masks therefore are an emergent property of the model,
which we will exploit to perform visual MPC using high-level user commands. Further details about the model may be found in prior work [3].

x0:1, as well as a sequence of future commands a1:Hp , where
Hp is the prediction horizon used during training. Pairs of
images and states are fed into the model to allow it to
estimate the current velocities of moving objects. The model
is trained to predict a distribution over the sequence of
future image frames I2:Hp+1 that result from executing the
actions a1:Hp . However, since the full posterior over images
is extremely high dimensional, we use a relatively simple
factorization where each pixel is drawn from an independent
Gaussian distribution. Although this assumption is simplistic,
it is a common simplification in video and image generation
models [36], [37]. The model is trained with maximum
likelihood, which results in a mean squared error objective.
We can therefore express the model probabilistically as
pM(I2:Hp |I0:1,x0:1,a1:Hp).

As shown in Figure 2, the model uses a convolutional
LSTM to predict the images. As an intermediate step, the
model outputs a probabilistic flow map at each time step t,
which we denote F̂t , that describes a linear transition operator
that can be applied to each pixel in the preceding image.
Intuitively, we expect different objects in different regions of
the image to be moving in different ways. The model uses
a set of normalized convolution kernels {mc} to capture the
motion of object c by providing a distribution over nearby
pixel locations at the next timestep. These object motion
predictions are combined using masks {Xc} which specify
the positions of the objects. The flow map F̂t(x,y,k, l) denotes
the probability of pixel (k, l) at time t + 1 originating from
location (x,y) at time t, and is given by the following.

F̂t(x,y,k, l) = Â
c

Xc,t(x,y)m̂c,t(k, l)

The model can then output a prediction for the mean of
the distribution over the next image, which we denote Ît+1,

according to the following equation:

Ît+1(x,y) = Â
k2(�k,k)

Â
l2(�k,k)

F̂t(x,y,k, l)Ît(x� k,y� l)

Note that this equation is an untied convolution operation
between the filters F̂t and the image Ît , since the filters are
different for each pixel location (x,y). The operator F̂t can
also be seen as the transition operator in a Markov chain. We
will use Ît+1 = F̂t � It to denote the application of the flow
operator. Since this operator is linear, the distribution over
a subsequent image can be obtained simply by transforming
the mean of the distribution over the current image. The
predicted image mean Ît+1 is fed back into the network
recursively to generate the next flow and image in the
sequence. Note that no explicit flow supervision is provided
to the network: training uses only the raw image pixels
for supervision. The stochastic flow maps are an implicit,
emergent property of the model, but one that will prove
useful in visual MPC, as we will discuss in the following
section. For convenience, we will use M(It�1:t ,xt�1:t ,at:H) =
F̂t:H to denote the function that uses the learned model to
output a sequence of flows conditioned on pairs of images
and states, as well as a sequence of future actions, for some
horizon H. We can therefore define the predicted image
distribution as

pM(It+1|It�1:t ,xt�1:t ,at) = N (F̂t � It ,s2
I)

= N (M(It�1:t ,xt�1:t ,at)� It ,s2
I),

where s2
I is a constant diagonal covariance. Predictions for

subsequent images It+k can then be made recursively, with
mean given by M(It�1:t ,xt�1:t ,at:t+k�1)� Ît+k�1.

We use the same network architecture as in prior work [3],
except for the addition of layer normalization [38] after each
layer for more robust training, and the use of 5 masks instead
of 10 for slightly faster computation.
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Task Specification

Algorithm 1 Visual MPC with Deep Predictive Models
0: inputs: predictive model M, designated pixel {d0}, pixel goal

position {g}
1: for t = 1...T do

2: Initialize Q1 with uniform distribution.
3: for j = 1...Jt do

4: Sample M action sequences {a
(m)
t:t+H�1} from Q j.

5: Use model M to compute the distributions over future
pixel locations P

(m)
t+H�1 using Equation 1

6: Fit multivariate Gaussian distribution Q j+1 to K samples
with highest probability of success P

(m)
t+H�1

7: end for

8: Execute action a
⇤
t with highest probability of success

9: Observe new image It+1.
10: Set next designated pixel location dt+1 using optical flow

computed from image observations It:t+1, and dt .
11: end for

determine the probability that it will move the designated
pixel to the goal location, given by Pt+H�1(g) = P(st+H�1 =
g|It�1:t ,xt�1:t ,at:t+H�1,dt). In order to use this evaluation to
choose the best actions, we perform an optimization over a
short horizon of actions at each time step, using a stochas-
tic optimization algorithm called the cross-entropy method
(CEM) [39]. This procedure is outlined in Algorithm 1, and
described next.

At each time step t, we sample M action se-
quences of length H, {a

(m)
t , . . . ,a(m)

t+H�1}, and compute
the probabilities of success for each one, denoted
by P

(m)
t+H�1(g) = P(st+H�1 = g|It�1:t ,xt�1:t ,a

(m)
t:t+H�1,dt). We

then select the K action sequences with the highest values of
P

(m)
t+H�1(g), fit a multivariate Gaussian distribution to these

K selected action sequence, and resample a new set of M
action sequences from this distribution. The new set of action
sequences improves on the previous set, and the resampling
and refitting process is repeated for Jt iterations. This cor-
responds to the CEM stochastic optimization algorithm. At
the end of the last iteration, we take the sampled action
sequence a

⇤
t , . . . ,a

⇤
t+H�1 that is most likely to be successful,

and execute a
⇤
t on the robot. We use Jt = 4 iterations,

M = 40 samples per iteration, and K = 10 samples during
the initial planning phase (t = 0) and, when replanning in
real-time (t > 0), we take Jt = 1 iteration of M = 20 samples,
performing just one round of sampling. Note that each batch
of M samples corresponds to a forward pass through deep
recurrent network with a batch size of M, and therefore can
be parallelized very efficiently.

After the first timestep, the designated pixel locations
may have changed from their initial positions due to motion
of the objects. To update the estimated position of each
pixel, we compute optical flow on the previous and latest
image observation, using the method of Anderson et al. [40],
an optical flow algorithm used in a large-scale production
system. For speed, the optical flow computation is done on
the CPU while evaluating the model’s video predictions in
parallel using a GPU.

Fig. 3. The experimental setup is shown on the left, including the 7 test
objects previously not seen in the training set. On the right, we show four
of the ten pushing tasks in the quantitative evaluation. The red and green-
outlined markers indicate the human-specified start and goal pixel locations,
respectively.

V. EXPERIMENTS

In our experimental evaluation, we aim to answer the
following questions: (1) Can we use action-conditioned
video prediction models to manipulate novel objects that
were not previously seen during training? (2) Can video
prediction models trained entirely on raw image pixels make
meaningful and nontrivial inferences about the behavior of
physical objects? To answer these questions, we conduct both
qualitative and quantitative experiments, which we describe
in the next sections. We aim to answer question (1) by eval-
uating our method on new objects not seen during training,
and we answer question (2) through comparison to baseline
methods that either move the arm to user-specified positions,
or use optical flow to perform continuous replanning. We also
answer question (2) through qualitative experiments aimed to
construct physically nuanced pushing scenarios that require
reasoning about rotations and centers of mass.

Note that the intent of our experiments is not to demon-
strate that our approach provides the highest accuracy or per-
formance for precise nonprehensile manipulation, but rather
to demonstrate the flexibility of a data-driven, learning-based
approach and illustrate that, even with no prior knowledge
about objects, physics, or contacts, a predictive model trained
entirely on raw video data can still infer characteristics of
the physical world that are useful for robotic manipulation.

A. Experimental Setup
We use a 7-DoF robot arm to perform the pushing tasks

in our experiments, with an RGB camera positioned over the
shoulder, as shown in Figure 3. As discussed previously, the
pushing task consists of episodes of length T = 15 where
the goal is to move M pixels from their current locations
{(x(i)

s ,y(i)
s )} to corresponding goal locations {(x(i)

g ,y(i)
g )}.

Unless otherwise specified, all objects in the experiments
were not seen previously in the training set. A video of our
experiments is available online.2

We use images with a resolution of 64⇥64 pixels and a
planning horizon of H = 3, corresponding to about 800 ms.

2See https://sites.google.com/site/robotforesight/
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Algorithm 1 Visual MPC with Deep Predictive Models
0: inputs: predictive model M, designated pixel {d0}, pixel goal

position {g}
1: for t = 1...T do

2: Initialize Q1 with uniform distribution.
3: for j = 1...Jt do

4: Sample M action sequences {a
(m)
t:t+H�1} from Q j.

5: Use model M to compute the distributions over future
pixel locations P

(m)
t+H�1 using Equation 1

6: Fit multivariate Gaussian distribution Q j+1 to K samples
with highest probability of success P

(m)
t+H�1

7: end for

8: Execute action a
⇤
t with highest probability of success

9: Observe new image It+1.
10: Set next designated pixel location dt+1 using optical flow

computed from image observations It:t+1, and dt .
11: end for

determine the probability that it will move the designated
pixel to the goal location, given by Pt+H�1(g) = P(st+H�1 =
g|It�1:t ,xt�1:t ,at:t+H�1,dt). In order to use this evaluation to
choose the best actions, we perform an optimization over a
short horizon of actions at each time step, using a stochas-
tic optimization algorithm called the cross-entropy method
(CEM) [39]. This procedure is outlined in Algorithm 1, and
described next.

At each time step t, we sample M action se-
quences of length H, {a

(m)
t , . . . ,a(m)

t+H�1}, and compute
the probabilities of success for each one, denoted
by P

(m)
t+H�1(g) = P(st+H�1 = g|It�1:t ,xt�1:t ,a

(m)
t:t+H�1,dt). We

then select the K action sequences with the highest values of
P

(m)
t+H�1(g), fit a multivariate Gaussian distribution to these

K selected action sequence, and resample a new set of M
action sequences from this distribution. The new set of action
sequences improves on the previous set, and the resampling
and refitting process is repeated for Jt iterations. This cor-
responds to the CEM stochastic optimization algorithm. At
the end of the last iteration, we take the sampled action
sequence a

⇤
t , . . . ,a

⇤
t+H�1 that is most likely to be successful,

and execute a
⇤
t on the robot. We use Jt = 4 iterations,

M = 40 samples per iteration, and K = 10 samples during
the initial planning phase (t = 0) and, when replanning in
real-time (t > 0), we take Jt = 1 iteration of M = 20 samples,
performing just one round of sampling. Note that each batch
of M samples corresponds to a forward pass through deep
recurrent network with a batch size of M, and therefore can
be parallelized very efficiently.

After the first timestep, the designated pixel locations
may have changed from their initial positions due to motion
of the objects. To update the estimated position of each
pixel, we compute optical flow on the previous and latest
image observation, using the method of Anderson et al. [40],
an optical flow algorithm used in a large-scale production
system. For speed, the optical flow computation is done on
the CPU while evaluating the model’s video predictions in
parallel using a GPU.

Fig. 3. The experimental setup is shown on the left, including the 7 test
objects previously not seen in the training set. On the right, we show four
of the ten pushing tasks in the quantitative evaluation. The red and green-
outlined markers indicate the human-specified start and goal pixel locations,
respectively.

V. EXPERIMENTS

In our experimental evaluation, we aim to answer the
following questions: (1) Can we use action-conditioned
video prediction models to manipulate novel objects that
were not previously seen during training? (2) Can video
prediction models trained entirely on raw image pixels make
meaningful and nontrivial inferences about the behavior of
physical objects? To answer these questions, we conduct both
qualitative and quantitative experiments, which we describe
in the next sections. We aim to answer question (1) by eval-
uating our method on new objects not seen during training,
and we answer question (2) through comparison to baseline
methods that either move the arm to user-specified positions,
or use optical flow to perform continuous replanning. We also
answer question (2) through qualitative experiments aimed to
construct physically nuanced pushing scenarios that require
reasoning about rotations and centers of mass.

Note that the intent of our experiments is not to demon-
strate that our approach provides the highest accuracy or per-
formance for precise nonprehensile manipulation, but rather
to demonstrate the flexibility of a data-driven, learning-based
approach and illustrate that, even with no prior knowledge
about objects, physics, or contacts, a predictive model trained
entirely on raw video data can still infer characteristics of
the physical world that are useful for robotic manipulation.

A. Experimental Setup
We use a 7-DoF robot arm to perform the pushing tasks

in our experiments, with an RGB camera positioned over the
shoulder, as shown in Figure 3. As discussed previously, the
pushing task consists of episodes of length T = 15 where
the goal is to move M pixels from their current locations
{(x(i)

s ,y(i)
s )} to corresponding goal locations {(x(i)

g ,y(i)
g )}.

Unless otherwise specified, all objects in the experiments
were not seen previously in the training set. A video of our
experiments is available online.2

We use images with a resolution of 64⇥64 pixels and a
planning horizon of H = 3, corresponding to about 800 ms.

2See https://sites.google.com/site/robotforesight/
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Fig. 4. The data for training the model was collected on 10 robots with
varying camera angles and positions. These images show the camera angles
for two of the robots used during data collection. Note the difference in
the position of the robot base. Due to these variations, our video prediction
model learns a calibration-invariant representation of object interactions.

This allows us to replan in real time, with new controls
computed about every 200 ms. To reduce the dimensionality
of the action space and further speed up inference, we tie
the commanded action across time, such that the model is
considering one commanded action, kept constant for H
timesteps. Because of the short time horizon, we largely
consider pushing tasks that involve fast, reactive control
rather than long-term planning. All of the online model com-
putations, including replanning, are done using a standard
desktop computer and a single, commercially-availble GPU.

B. Quantitative Comparisons
We provide quantitative comparisons to three baselines,

with the aim of evaluating whether or not our video predic-
tion model has learned a meaningful and nontrivial notion
of objects and physical interaction. Recall that object iden-
tity, inertia, and contact dynamics are not provided to nor
encoded in the model explicitly, but must be learned entirely
from data. Correspondingly, our baselines do not use any
knowledge about the objects in the scene, but are reasonably
effective for the short horizon pushing tasks that we consider.
The baselines are as follows:

1) Select actions randomly from a uniform distribution.
2) Servo the end-effector to the goal pixel position

(xg,yg), using a known camera calibration.
3) Servo the end-effector along the vector from the cur-

rent pixel position dt = (xt ,yt) to the goal (xg,yg),
with continuous replanning based on the current pixel
position estimated using optical flow.

If more than one designated pixel is specified, the last
two baselines use the first pixel only. The first baseline of
randomly selecting actions serves to calibrate the difficulty
of the task in choosing effective actions. The last two
baselines serve as a comparison to our method to test whether
our model is learning something meaningful about physical
object interaction, beyond simple motions of the arm. Note
that the last two baselines require hand-to-camera calibration,
which our model does not use. Since the data that was used
for training our predictive model was collected on a variety
of robots with varying camera placements and angles, as
illustrated in Figure 4, our video prediction model was forced
to learn a calibration-agnostic predictive strategy. The final

baseline and our method use an optical flow solver [40] to
track the position of the pixel for replanning. Note, however,
that the predictive model itself does not use the optical flow
to make predictions. The optical flow is used only during
the replanning phase to provide the initial P(st) distribution.
The flow solver is also used to quantitatively evaluate the
distance between the final position of the pixel and the goal
position of the pixel.

Note that we specifically choose baseline methods that do
not have prior knowledge about objects or physics. It is of
course possible to design a model-based pushing algorithm
that uses an object detector and physics simulator to more
precisely localize and move individual objects in the scene.
However, our aim is not to propose a superior method for
nonprehensile manipulation, but rather to explore the capa-
bilities and limitations of learning-based video prediction
models for performing robotic control tasks from scratch,
with minimal prior knowledge.

Our results, shown in Table I, indicate that our method is
indeed able to leverage the predictive model to improve over
the performance of the baselines. The performance of our
method compared to the last two baselines suggests that our
method is making meaningful inferences about the motion
of objects in response to the arm. Although these results
leave significant room for improvement, they suggest that
predictive models can be used with minimal prior knowledge
to perform robotic manipulation tasks. As video prediction
models continue to improve, we expect that the performance
of our method will improve with them. In the next section,
we analyze specific physical interactions to better understand
the capabilities and limitations of our model.

TABLE I
QUANTITATIVE COMPARISON: MEAN DISTANCE BETWEEN FINAL AND

GOAL PIXEL POSITIONS

method mean pixel distance
initial pixel position 5.10±2.25
1) random actions 4.05±1.75
2) move end-effector to goal 3.79±2.66
3) move end-effector along vector
(with replanning) 3.19±1.68

visual MPC (ours) 2.52±1.06

C. Qualitative Results
In this section, we evaluate the capabilities and limitations

of visual MPC with a set of qualitative experiments. The
goal of these experiments is to determine whether or not the
model can perform more complex manipulations that require
reasoning about object rotations and centers of mass. One of
the benefits of planning actions with a predictive model of all
pixels is that the model can be used to plan actions that affect
multiple pixels, causing them to move in different directions
in a coordinated fashion. For example, object rotation can
be represented by moving the pixels on opposite ends of an
object in opposite directions. To evaluate this capability, we
command the robot to rotate objects by specifying opposing
motions for pixels on either extreme of the object, as shown
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Abstract

Model-based reinforcement learning (MBRL) is widely seen as having the potential
to be significantly more sample efficient than model-free RL. However, research in
model-based RL has not been very standardized. It is fairly common for authors to
experiment with self-designed environments, and there are several separate lines of
research, which are sometimes closed-sourced or not reproducible. Accordingly, it
is an open question how these various existing MBRL algorithms perform relative to
each other. To facilitate research in MBRL, in this paper we gather a wide collection
of MBRL algorithms and propose over 18 benchmarking environments specially
designed for MBRL. We benchmark these algorithms with unified problem settings,
including noisy environments. Beyond cataloguing performance, we explore
and unify the underlying algorithmic differences across MBRL algorithms. We
characterize three key research challenges for future MBRL research: the dynamics
bottleneck, the planning horizon dilemma, and the early-termination dilemma.
Finally, to maximally facilitate future research on MBRL, we open-source our
benchmark in http://www.cs.toronto.edu/~tingwuwang/mbrl.html.

1 Introduction

Reinforcement learning (RL) algorithms are most commonly classified in two categories: model-free
RL (MFRL), which directly learns a value function or a policy by interacting with the environment,
and model-based RL (MBRL), which uses interactions with the environment to learn a model of
it. While model-free algorithms have achieved success in areas including robotics [30, 44, 20, 1],
video-games [34, 33], and motion animation [38], their high sample complexity limits largely their
application to simulated domains. By learning a model of the environment, model-based methods
learn with significantly lower sample complexity. However, learning an accurate model of the
environment has proven to be a challenging problem in certain domains. Modelling errors cripple
the effectiveness of these algorithms, resulting in policies that exploit the deficiencies of the models,
which is known as model-bias [11]. Recent approaches have been able to alleviate the model-bias
problem by characterizing the uncertainty of the learned models by the means of probabilistic models
and ensembles. This has enabled model-based methods to match model-free asymptotic performance
in challenging domains while using much fewer samples [27, 7, 8].

These recent advances have led to a great deal of excitement in the field of model-based reinforcement
learning. Despite the impressive results achieved, how these methods compare against each other
and against standard baselines remains unclear. Reproducibility and lack of open-source code are
persistent problems in RL [22, 24], which makes it difficult to compare novel algorithms against
prior lines of research. In MBRL, this problem is exacerbated by the modifications made to the
environments: pre-processing of the observations, modification of the reward functions, or using
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Model-based RL Methods

• Dyna-Style algorithms (model-free RL under a learned model)
• ME-TRPO / SLBO / MB-MPO

• Back-propagation through time
• PILCO / iLQG / GPS / SVG

• Shooting methods
• RS / MB-MF / PETS

• Model-free Baselines
• TRPO / PPO / TD3 / SAC



Table 1: Final performance for 18 environments of the bench-marked algorithms. All the algorithms are run for
200k time-steps. Blue refers to the best methods using ground truth dynamics, red to the best MBRL algorithms,
and green to the best MFRL algorithms. The results show the mean and standard deviation averaged over 4
random seeds and a window size of 5000 times-steps.

Pendulum InvertedPendulum Acrobot CartPole Mountain Car Reacher
Random -202.6 ± 249.3 -205.1 ± 13.6 -374.5 ± 17.1 38.4 ± 32.5 -105.1 ± 1.8 -45.7 ± 4.8

ILQG 160.8 ± 29.8 -0.0 ± 0.0 -195.5 ± 28.7 199.3 ± 0.6 -55.9 ± 8.3 -6.0 ± 2.6
GT-CEM 170.5 ± 35.2 -0.2 ± 0.1 13.9 ± 40.5 199.9 ± 0.1 -58.0 ± 2.9 -3.6 ± 1.2
GT-RS 171.5 ± 31.8 -0.0 ± 0.0 2.5 ± 39.4 200.0 ± 0.0 -68.5 ± 2.2 -25.7 ± 3.5

RS 164.4 ± 9.1 -0.0 ± 0.0? -4.9 ± 5.4 200.0 ± 0.0? -71.3 ± 0.5 -27.1 ± 0.6
MB-MF 157.5 ± 13.2 -182.3 ± 24.4 -92.5 ± 15.8 199.7 ± 1.2 4.2 ± 18.5 -15.1 ± 1.7

PETS-CEM 167.4 ± 53.0 -20.5 ± 28.9 12.5 ± 29.0? 199.5 ± 3.0 -57.9 ± 3.6 -12.3 ± 5.2
PETS-RS 167.9 ± 35.8 -12.1 ± 25.1 -71.5 ± 44.6 195.0 ± 28.0 -78.5 ± 2.1 -40.1 ± 6.9
ME-TRPO 177.3 ± 1.9? -126.2 ± 86.6 -68.1 ± 6.7 160.1 ± 69.1 -42.5 ± 26.6 -13.4 ± 0.2

GPS 162.7 ± 7.6 -74.6 ± 97.8 -193.3 ± 11.7 14.4 ± 18.6 -10.6 ± 32.1 -19.8 ± 0.9
PILCO -132.6 ± 410.1 -194.5 ± 0.8 -394.4 ± 1.4 -1.9 ± 155.9 -59.0 ± 4.6 -13.2 ± 5.9
SVG 141.4 ± 62.4 -183.1 ± 9.0 -79.7 ± 6.6 82.1 ± 31.9 -27.6 ± 32.6 -11.0 ± 1.0

MB-MPO 171.2 ± 26.9 -0.0 ± 0.0? -87.8 ± 12.9 199.3 ± 2.3 -30.6 ± 34.8 -5.6 ± 0.8
SLBO 173.5 ± 2.5 -240.4 ± 7.2 -75.6 ± 8.8 78.0 ± 166.6 44.1 ± 6.8 -4.1 ± 0.1?
PPO 163.4 ± 8.0 -40.8 ± 21.0 -95.3 ± 8.9 86.5 ± 7.8 21.7 ± 13.1 -17.2 ± 0.9

TRPO 166.7 ± 7.3 -27.6 ± 15.8 -147.5 ± 12.3 47.3 ± 15.7 -37.2 ± 16.4 -10.1 ± 0.6
TD3 161.4 ± 14.4 -224.5 ± 0.4 -64.3 ± 6.9 196.0 ± 3.1 -60.0 ± 1.2 -14.0 ± 0.9
SAC 168.2 ± 9.5 -0.2 ± 0.1 -52.9 ± 2.0 199.4 ± 0.4 52.6 ± 0.6? -6.4 ± 0.5

HalfCheetah Swimmer-v0 Swimmer Ant Ant-ET Walker2D
Random -288.3 ± 65.8 1.2 ± 11.2 -9.5 ± 11.6 473.8 ± 40.8 124.6 ± 145.0 -2456.9 ± 345.3

iLQG 2142.6 ± 137.7 47.8 ± 2.4 306.7 ± 0.8 9739.8 ± 745.0 1506.2 ± 459.4 -1186.2 ± 126.3
GT-CEM 14777.2 ± 13964.2 111.0 ± 4.6 335.9 ± 1.1 12115.3 ± 209.7 226.0 ± 178.6 7719.7 ± 486.7
GT-RS 815.7 ± 38.5 35.8 ± 3.0 42.2 ± 5.3 2709.1 ± 631.1 2519.0 ± 469.8 -1641.4 ± 137.6

RS 421.0 ± 55.2 31.1 ± 2.0 92.8 ± 8.1 535.5 ± 37.0 239.9 ± 81.7 -2060.3 ± 228.0
MB-MF 126.9 ± 72.7 51.8 ± 30.9 284.9 ± 25.1 134.2 ± 50.4 85.7 ± 27.7 -2218.1 ± 437.7

PETS-CEM 2795.3 ± 879.9 22.1 ± 25.2 306.3 ± 37.3 1165.5 ± 226.9 81.6 ± 145.8 260.2 ± 536.9
PETS-RS 966.9 ± 471.6 42.1 ± 20.2 170.1 ± 8.1 1852.1 ± 141.0? 130.0 ± 148.1 312.5 ± 493.4?
ME-TRPO 2283.7 ± 900.4 30.1 ± 9.7 336.3 ± 15.8? 282.2 ± 18.0 42.6 ± 21.1 -1609.3 ± 657.5

GPS 52.3 ± 41.7 14.5 ± 5.6 -35.3 ± 8.4 445.5 ± 212.9 275.4 ± 309.1 -1730.8 ± 441.7
PILCO -41.9 ± 267.0 -13.8 ± 16.1 -18.7 ± 10.3 770.7 ± 153.0 N. A. -2693.8 ± 484.4
SVG 336.6 ± 387.6 77.2 ± 99.0 75.2 ± 85.3 377.9 ± 33.6 185.0 ± 141.6 -1430.9 ± 230.1

MB-MPO 3639.0 ± 1185.8 85.0 ± 98.9? 268.5 ± 125.4 705.8 ± 147.2 30.3 ± 22.3 -1545.9 ± 216.5
SLBO 1097.7 ± 166.4 41.6 ± 18.4 125.2 ± 93.2 718.1 ± 123.3 200.0 ± 40.1 -1277.7 ± 427.5

PPO 17.2 ± 84.4 38.0 ± 1.5 306.8 ± 4.2 321.0 ± 51.2 80.1 ± 17.3 -1893.6 ± 234.1
TRPO -12.0 ± 85.5 37.9 ± 2.0 215.7 ± 10.4 323.3 ± 24.9 116.8 ± 47.3 -2286.3 ± 373.3
TD3 3614.3 ± 82.1 40.4 ± 8.3 331.1 ± 0.9 956.1 ± 66.9 259.7 ± 1.0 -73.8 ± 769.0
SAC 4000.7 ± 202.1? 41.2 ± 4.6 309.8 ± 4.2 506.7 ± 165.2 2012.7 ± 571.3? -415.9 ± 588.1

Walker2D-ET Hopper Hopper-ET SlimHumanoid SlimHumanoid-ET Humanoid-ET
Random -2.8 ± 4.3 -2572.7 ± 631.3 12.7 ± 7.8 -1172.9 ± 757.0 41.8 ± 47.3 50.5 ± 57.1

iLQG 229.0 ± 74.7 1157.6 ± 224.7 83.4 ± 21.7 13225.2 ± 1344.9 520.0 ± 240.9 255.0 ± 94.6
GT-CEM 254.8 ± 233.4 3232.3 ± 192.3 256.8 ± 16.3 45979.8 ± 1654.9 1242.7 ± 676.0 1236.2 ± 668.0
GT-RS 207.9 ± 27.2 -2467.2 ± 55.4 209.5 ± 46.8 8074.4 ± 441.1 361.5 ± 103.8 312.9 ± 167.8

RS 201.1 ± 10.5 -2491.5 ± 35.1 247.1 ± 6.1 -99.2 ± 388.5 332.8 ± 13.4 295.5 ± 10.9
MB-MF 350.0 ± 107.6 -1047.4 ± 1098.7 926.9 ± 154.1 -1320.2 ± 735.3 809.7 ± 57.5 776.8 ± 62.9

PETS-CEM -2.5 ± 6.8 1125.0 ± 679.6 129.3 ± 36.0 1472.4 ± 738.3 355.1 ± 157.1 110.8 ± 91.0
PETS-RS -0.8 ± 3.2 -1469.8 ± 224.1 205.8 ± 36.5 2055.1 ± 771.5? 320.7 ± 182.2 106.9 ± 102.6
ME-TRPO -9.5 ± 4.6 1272.5 ± 500.9 4.9 ± 4.0 -154.9 ± 534.3 76.1 ± 8.8 72.9 ± 8.9

GPS -2400.6 ± 610.8 -768.5 ± 200.9 -2303.9 ± 338.1 -592.6 ± 214.1 N. A. N. A.
PILCO N. A. -1729.9 ± 1611.1 N. A. N. A. N. A. N. A.
SVG 252.4 ± 48.4 -877.9 ± 427.9 435.2 ± 163.8 1096.8 ± 791.0 1084.3 ± 77.0? 811.8 ± 241.5

MB-MPO -10.3 ± 1.4 333.2 ± 1189.7 8.3 ± 3.6 674.4 ± 982.2 115.5 ± 31.9 73.1 ± 23.1
SLBO 207.8 ± 108.7 -741.7 ± 734.1 805.7 ± 142.4 -588.9 ± 332.1 776.1 ± 252.5 1377.0 ± 150.4
PPO 306.1 ± 17.2 -103.8 ± 1028.0 758.0 ± 62.0 -1466.7 ± 278.5 454.3 ± 36.7 451.4 ± 39.1

TRPO 229.5 ± 27.1 -2100.1 ± 640.6 237.4 ± 33.5 -1140.9 ± 241.8 281.3 ± 10.9 289.8 ± 5.2
TD3 3299.7 ± 1951.5? 2245.3 ± 232.4? 1057.1 ± 29.5 1319.1 ± 1246.1 1070.0 ± 168.3 147.7 ± 0.7
SAC 2216.4 ± 678.7 726.4 ± 675.5 1815.5 ± 655.1? 1328.4 ± 468.2 843.6 ± 313.1 1794.4 ± 458.3?

separately, which is summarized in appendix B. For each algorithm, We show the results using the
hyper-parameters producing the best average performance.

Training Time: In MFRL, 1 million time-step training is common, but for many environments,
MBRL algorithms converge much earlier than 200k time-steps and it takes an impractically long
time to train for 1 million time-steps for some of the MBRL algorithms. We therefore show both the
performance of 200k time-step training for all algorithms and show the performance of 1M time-step
training for algorithms where computation is not a major bottleneck.

5

• Random search does pretty well for quite a few environments
• Known model performs much better than with learned models, 

except mountain car
• Model-free methods are surprisingly competitive with MBRL at 

200k time steps
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hyper-parameters producing the best average performance.
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MBRL algorithms converge much earlier than 200k time-steps and it takes an impractically long
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PETS-CEM 167.4 ± 53.0 -20.5 ± 28.9 12.5 ± 29.0? 199.5 ± 3.0 -57.9 ± 3.6 -12.3 ± 5.2
PETS-RS 167.9 ± 35.8 -12.1 ± 25.1 -71.5 ± 44.6 195.0 ± 28.0 -78.5 ± 2.1 -40.1 ± 6.9
ME-TRPO 177.3 ± 1.9? -126.2 ± 86.6 -68.1 ± 6.7 160.1 ± 69.1 -42.5 ± 26.6 -13.4 ± 0.2

GPS 162.7 ± 7.6 -74.6 ± 97.8 -193.3 ± 11.7 14.4 ± 18.6 -10.6 ± 32.1 -19.8 ± 0.9
PILCO -132.6 ± 410.1 -194.5 ± 0.8 -394.4 ± 1.4 -1.9 ± 155.9 -59.0 ± 4.6 -13.2 ± 5.9
SVG 141.4 ± 62.4 -183.1 ± 9.0 -79.7 ± 6.6 82.1 ± 31.9 -27.6 ± 32.6 -11.0 ± 1.0

MB-MPO 171.2 ± 26.9 -0.0 ± 0.0? -87.8 ± 12.9 199.3 ± 2.3 -30.6 ± 34.8 -5.6 ± 0.8
SLBO 173.5 ± 2.5 -240.4 ± 7.2 -75.6 ± 8.8 78.0 ± 166.6 44.1 ± 6.8 -4.1 ± 0.1?
PPO 163.4 ± 8.0 -40.8 ± 21.0 -95.3 ± 8.9 86.5 ± 7.8 21.7 ± 13.1 -17.2 ± 0.9

TRPO 166.7 ± 7.3 -27.6 ± 15.8 -147.5 ± 12.3 47.3 ± 15.7 -37.2 ± 16.4 -10.1 ± 0.6
TD3 161.4 ± 14.4 -224.5 ± 0.4 -64.3 ± 6.9 196.0 ± 3.1 -60.0 ± 1.2 -14.0 ± 0.9
SAC 168.2 ± 9.5 -0.2 ± 0.1 -52.9 ± 2.0 199.4 ± 0.4 52.6 ± 0.6? -6.4 ± 0.5

HalfCheetah Swimmer-v0 Swimmer Ant Ant-ET Walker2D
Random -288.3 ± 65.8 1.2 ± 11.2 -9.5 ± 11.6 473.8 ± 40.8 124.6 ± 145.0 -2456.9 ± 345.3

iLQG 2142.6 ± 137.7 47.8 ± 2.4 306.7 ± 0.8 9739.8 ± 745.0 1506.2 ± 459.4 -1186.2 ± 126.3
GT-CEM 14777.2 ± 13964.2 111.0 ± 4.6 335.9 ± 1.1 12115.3 ± 209.7 226.0 ± 178.6 7719.7 ± 486.7
GT-RS 815.7 ± 38.5 35.8 ± 3.0 42.2 ± 5.3 2709.1 ± 631.1 2519.0 ± 469.8 -1641.4 ± 137.6

RS 421.0 ± 55.2 31.1 ± 2.0 92.8 ± 8.1 535.5 ± 37.0 239.9 ± 81.7 -2060.3 ± 228.0
MB-MF 126.9 ± 72.7 51.8 ± 30.9 284.9 ± 25.1 134.2 ± 50.4 85.7 ± 27.7 -2218.1 ± 437.7

PETS-CEM 2795.3 ± 879.9 22.1 ± 25.2 306.3 ± 37.3 1165.5 ± 226.9 81.6 ± 145.8 260.2 ± 536.9
PETS-RS 966.9 ± 471.6 42.1 ± 20.2 170.1 ± 8.1 1852.1 ± 141.0? 130.0 ± 148.1 312.5 ± 493.4?
ME-TRPO 2283.7 ± 900.4 30.1 ± 9.7 336.3 ± 15.8? 282.2 ± 18.0 42.6 ± 21.1 -1609.3 ± 657.5

GPS 52.3 ± 41.7 14.5 ± 5.6 -35.3 ± 8.4 445.5 ± 212.9 275.4 ± 309.1 -1730.8 ± 441.7
PILCO -41.9 ± 267.0 -13.8 ± 16.1 -18.7 ± 10.3 770.7 ± 153.0 N. A. -2693.8 ± 484.4
SVG 336.6 ± 387.6 77.2 ± 99.0 75.2 ± 85.3 377.9 ± 33.6 185.0 ± 141.6 -1430.9 ± 230.1

MB-MPO 3639.0 ± 1185.8 85.0 ± 98.9? 268.5 ± 125.4 705.8 ± 147.2 30.3 ± 22.3 -1545.9 ± 216.5
SLBO 1097.7 ± 166.4 41.6 ± 18.4 125.2 ± 93.2 718.1 ± 123.3 200.0 ± 40.1 -1277.7 ± 427.5

PPO 17.2 ± 84.4 38.0 ± 1.5 306.8 ± 4.2 321.0 ± 51.2 80.1 ± 17.3 -1893.6 ± 234.1
TRPO -12.0 ± 85.5 37.9 ± 2.0 215.7 ± 10.4 323.3 ± 24.9 116.8 ± 47.3 -2286.3 ± 373.3
TD3 3614.3 ± 82.1 40.4 ± 8.3 331.1 ± 0.9 956.1 ± 66.9 259.7 ± 1.0 -73.8 ± 769.0
SAC 4000.7 ± 202.1? 41.2 ± 4.6 309.8 ± 4.2 506.7 ± 165.2 2012.7 ± 571.3? -415.9 ± 588.1

Walker2D-ET Hopper Hopper-ET SlimHumanoid SlimHumanoid-ET Humanoid-ET
Random -2.8 ± 4.3 -2572.7 ± 631.3 12.7 ± 7.8 -1172.9 ± 757.0 41.8 ± 47.3 50.5 ± 57.1

iLQG 229.0 ± 74.7 1157.6 ± 224.7 83.4 ± 21.7 13225.2 ± 1344.9 520.0 ± 240.9 255.0 ± 94.6
GT-CEM 254.8 ± 233.4 3232.3 ± 192.3 256.8 ± 16.3 45979.8 ± 1654.9 1242.7 ± 676.0 1236.2 ± 668.0
GT-RS 207.9 ± 27.2 -2467.2 ± 55.4 209.5 ± 46.8 8074.4 ± 441.1 361.5 ± 103.8 312.9 ± 167.8

RS 201.1 ± 10.5 -2491.5 ± 35.1 247.1 ± 6.1 -99.2 ± 388.5 332.8 ± 13.4 295.5 ± 10.9
MB-MF 350.0 ± 107.6 -1047.4 ± 1098.7 926.9 ± 154.1 -1320.2 ± 735.3 809.7 ± 57.5 776.8 ± 62.9

PETS-CEM -2.5 ± 6.8 1125.0 ± 679.6 129.3 ± 36.0 1472.4 ± 738.3 355.1 ± 157.1 110.8 ± 91.0
PETS-RS -0.8 ± 3.2 -1469.8 ± 224.1 205.8 ± 36.5 2055.1 ± 771.5? 320.7 ± 182.2 106.9 ± 102.6
ME-TRPO -9.5 ± 4.6 1272.5 ± 500.9 4.9 ± 4.0 -154.9 ± 534.3 76.1 ± 8.8 72.9 ± 8.9

GPS -2400.6 ± 610.8 -768.5 ± 200.9 -2303.9 ± 338.1 -592.6 ± 214.1 N. A. N. A.
PILCO N. A. -1729.9 ± 1611.1 N. A. N. A. N. A. N. A.
SVG 252.4 ± 48.4 -877.9 ± 427.9 435.2 ± 163.8 1096.8 ± 791.0 1084.3 ± 77.0? 811.8 ± 241.5

MB-MPO -10.3 ± 1.4 333.2 ± 1189.7 8.3 ± 3.6 674.4 ± 982.2 115.5 ± 31.9 73.1 ± 23.1
SLBO 207.8 ± 108.7 -741.7 ± 734.1 805.7 ± 142.4 -588.9 ± 332.1 776.1 ± 252.5 1377.0 ± 150.4
PPO 306.1 ± 17.2 -103.8 ± 1028.0 758.0 ± 62.0 -1466.7 ± 278.5 454.3 ± 36.7 451.4 ± 39.1

TRPO 229.5 ± 27.1 -2100.1 ± 640.6 237.4 ± 33.5 -1140.9 ± 241.8 281.3 ± 10.9 289.8 ± 5.2
TD3 3299.7 ± 1951.5? 2245.3 ± 232.4? 1057.1 ± 29.5 1319.1 ± 1246.1 1070.0 ± 168.3 147.7 ± 0.7
SAC 2216.4 ± 678.7 726.4 ± 675.5 1815.5 ± 655.1? 1328.4 ± 468.2 843.6 ± 313.1 1794.4 ± 458.3?

separately, which is summarized in appendix B. For each algorithm, We show the results using the
hyper-parameters producing the best average performance.

Training Time: In MFRL, 1 million time-step training is common, but for many environments,
MBRL algorithms converge much earlier than 200k time-steps and it takes an impractically long
time to train for 1 million time-steps for some of the MBRL algorithms. We therefore show both the
performance of 200k time-step training for all algorithms and show the performance of 1M time-step
training for algorithms where computation is not a major bottleneck.

5



Noise

HalfCheetah Original Performance Change / �o = 0.1 Change / �o = 0.01 Change / �a = 0.1 Change / �a = 0.03

iLQG 2142.6 -2167.9 -1955.4 -1881.4 -1832.5
GT-PETS 14777.2 -13138.7 -5550.7 -3292.7 -1616.6

RS 421 -274.8 +2.1 +24.8 +21.3
PETS 2795.3 -915.8 -385 -367.8 -368.1

ME-TRPO 2283.7 -1874.3 -886.8 -963.9 -160.8
SVG 336.6 -336.5 -95.8 -173.1 -314.7

MB-MPO 3639.0 -1282.6 -3.5 -266.1 +79.7
SLBO 1097.7 -885.2 +147.1 +495.5 -366.6

Table 3: The relative changes of performance of each algorithm in noisy HalfCheetah environments. The red
color indicates a decrease of performance >10% of the performance without noise.

PILCO: In our benchmarking, PILCO can be applied to the simple environments, but fails to solve
most of the other environments with bigger episode length and observation size. PILCO is unstable
across different random seeds and time-consuming to train.

GPS: GPS has the best performance in Ant-ET, but cannot match the best algorithms in other
environments. In the original GPS, the environment is usually 100 time-step long, while most of our
environments are 200 or 1000 time-step. Also GPS assumes several separate constant initial states,
while our environments sample the initial state from a distribution. The deviation of trajectories
between iterations can be the reason of GPS’s performance drop.

MF baselines: SAC and TD3 are two very powerful baselines with very stable performance across
different environments. In general model-free and model-based methods are two almost evenly
matched rivals when trained for 200,000 time-steps.

MB with Ground-truth Dynamics: Algorithms with ground-truth dynamics can solve the majority
of the tasks, except for some of the tasks such as MountainCar. With the increasing complexity
of the environments, shooting methods gradually have much better performance than the policy
search methods such as iLQG, whose linear quadratic assumption is not a good approximation
anymore. Early termination cause a lot of troubles for model-based algorithms, both with and without
ground-truth dynamics, which is further studied in section 4.7.

4.4 Noisy Environments

In this section, we study the robustness of each algorithm with respect to the noise added to the
observation and actions. Specifically, we added Gaussian white noise to the observations and actions
with standard deviation �o and �a, respectively. In Table 3 we show the results for the HalfCheetah
environment, for the full results we refer the reader to appendix D.

As expected, adding noise is in general detrimental to the performance of the MBRL algorithms.
ME-TRPO and SLBO are more likely to suffer from a catastrophic performance drop when compared
to shooting methods such as PETS and RS, suggesting that re-planning successfully compensates
for the uncertainty. On the other hand, the Dyna-style method MB-MPO presents to be very robust
against noise. Due to the limited exploration in baseline, the performance is sometimes increased
after adding noise that encourages exploration.

4.5 Dynamics Bottleneck

We further run MBRL algorithms for 1M time-steps on HalfCheetah, Walker2D, Hopper, and Ant
environments to capture the asymptotic performance, as are shown in Table 4 and Figure 2.

(a) HalfCheetah (b) Ant (c) Walker2D (d) Hopper

Figure 2: Performance curve for each algorithm trained for 1 million time-steps.
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Table 3: The relative changes of performance of each algorithm in noisy HalfCheetah environments. The red
color indicates a decrease of performance >10% of the performance without noise.

PILCO: In our benchmarking, PILCO can be applied to the simple environments, but fails to solve
most of the other environments with bigger episode length and observation size. PILCO is unstable
across different random seeds and time-consuming to train.

GPS: GPS has the best performance in Ant-ET, but cannot match the best algorithms in other
environments. In the original GPS, the environment is usually 100 time-step long, while most of our
environments are 200 or 1000 time-step. Also GPS assumes several separate constant initial states,
while our environments sample the initial state from a distribution. The deviation of trajectories
between iterations can be the reason of GPS’s performance drop.

MF baselines: SAC and TD3 are two very powerful baselines with very stable performance across
different environments. In general model-free and model-based methods are two almost evenly
matched rivals when trained for 200,000 time-steps.

MB with Ground-truth Dynamics: Algorithms with ground-truth dynamics can solve the majority
of the tasks, except for some of the tasks such as MountainCar. With the increasing complexity
of the environments, shooting methods gradually have much better performance than the policy
search methods such as iLQG, whose linear quadratic assumption is not a good approximation
anymore. Early termination cause a lot of troubles for model-based algorithms, both with and without
ground-truth dynamics, which is further studied in section 4.7.

4.4 Noisy Environments

In this section, we study the robustness of each algorithm with respect to the noise added to the
observation and actions. Specifically, we added Gaussian white noise to the observations and actions
with standard deviation �o and �a, respectively. In Table 3 we show the results for the HalfCheetah
environment, for the full results we refer the reader to appendix D.

As expected, adding noise is in general detrimental to the performance of the MBRL algorithms.
ME-TRPO and SLBO are more likely to suffer from a catastrophic performance drop when compared
to shooting methods such as PETS and RS, suggesting that re-planning successfully compensates
for the uncertainty. On the other hand, the Dyna-style method MB-MPO presents to be very robust
against noise. Due to the limited exploration in baseline, the performance is sometimes increased
after adding noise that encourages exploration.

4.5 Dynamics Bottleneck

We further run MBRL algorithms for 1M time-steps on HalfCheetah, Walker2D, Hopper, and Ant
environments to capture the asymptotic performance, as are shown in Table 4 and Figure 2.
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Figure 2: Performance curve for each algorithm trained for 1 million time-steps.
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Planning Horizon

The results show that MBRL algorithms plateau at a performance level well below their model-free
counterparts and themselves with ground-truth dynamics. This points out that when learning models,
more data does not result in better performance. For instance, PETS’s performance plateaus after
400k time-steps at a value much lower than the performance when using the ground-truth dynamics.

The following assumptions can potentially explain the dynamics bottleneck. 1) The prediction error
accumulates with time, and MBRL inevitably involves prediction on unseen states. While techniques
such as probabilistic ensemble were proposed to capture uncertainty, it can be seen empirically in
our paper as well as in [7], that prediction becomes unstable and inaccurate with time. 2) The
policy and the learning of dynamics is coupled, which makes the agents more prone to performance
local-minima. While exploration and off-policy learning have been studied in [2, 10, 51, 23, 42, 18],
it has been barely addressed on current model-based approaches.

GT-CEM PETS-CEM ME-TRPO MB-MPO SLBO TD3 SAC

HalfCheetah 14777.2 ± 13964.2 2875.9 ± 1132.2 2672.7 ± 1481.6 4513.1 ± 1045.4 2041.4 ± 932.7 5072.9 ± 815.8 6095.5 ± 936.1
Walker2D 7719.7 ± 486.7 1931.7 ± 667.3 -2947.1 ± 640.0 -1793.7 ± 80.6 1371.7 ± 2761.7 3293.6 ± 644.4 3941.0 ± 985.3

Hopper 3232.3 ± 192.3 288.4 ± 988.2 948.0 ± 854.3 -495.2 ± 265.0 2963.1 ± 323.4 2745.7 ± 546.7 3020.3 ± 134.6
Ant 12115.3 ± 209.7 1675.0 ± 108.6 262.7 ± 36.5 810.8 ± 240.6 513.6 ± 182.0 3073.8 ± 773.8 2989.9 ± 1182.8

Table 4: Bench-marking performance for 1 million time-steps.

4.6 Planning Horizon Dilemma
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Figure 3: The relative performance with
different planning horizon.

One of the critical choices in shooting methods is the
planning horizon. In Figure 3, we show the performance
of iLQG, CEM and RS, using the same number of can-
didate planning sequences, but with different planning
horizon. We notice that increasing the planning horizon
does not necessarily increase the performance, and more
often instead decreases the performance. A planning hori-
zon between 20 to 40 works the best both for the models
using ground-truth dynamics and the ones using learned
dynamics. We argue that this is result of insufficient plan-
ning in a search space which increases exponentially with
planning depth, i. e., the curse of dimensionality. However,
in more complex environments such as the ones with early
terminations, short planning horizon can lead to catastrophic performance drop, which we discuss
in appendix G. We further experiment with the imaginary environment length in Dyna algorithms.
We have similar results that increasing horizon does not necessarily help the performance, which is
summarized in appendix F.

4.7 Early Termination Dilemma

Early termination, when the episode is finalized before the horizon has been reached, is a standard
technique used in MFRL algorithms to prevent the agent from visiting unpromising states or damaging
states for real robots. When early termination is applied to the real environments, MBRL can
correspondingly also apply early termination in the planned trajectories, or generate early terminated
imaginary data. However, we find this technique hard to integrate into the existing MB algorithms.
The results, shown in Table 1, indicates that early termination does in fact decrease the performance
for MBRL algorithms of different types. We further experiment with addition schemes to incorporate
early termination, summarized in appendix G. However none of them were successful. We argue
that to perform efficient learning in complex environments, such as Humanoid, early termination is
almost necessary. We leave it as an important request for research.

5 Conclusions

In this paper, we benchmark the performance of a wide collection of existing MBRL algorithms, evalu-
ating their sample efficiency, asymptotic performance and robustness. Through systematic evaluation

RS MB-MF PETS-CEM PETS-RS ME-TRPO GPS PILCO SVG MB-MPO SLBO

Mean rank 5.2 / 10 5.5 / 10 4.0 / 10 4.8 / 10 5.7 / 10 7.7 / 10 9.5 / 10 4.8 / 10 4.7 / 10 4.0 / 10
Median rank 5.5 / 10 7 / 10 4 / 10 5 / 10 6 / 10 8.5 / 10 10 / 10 4 / 10 4.5 / 10 3.5 / 10

Table 5: The ranking of the MBRL algorithms in the 18 benchmarking environments
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Learning Curves
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Figure 1: A subset of all 18 performance curve figures of the bench-marked algorithms. All the algorithms are
run for 200k time-steps and with 4 random seeds. The remaining figures are in appendix C.

4.3 Benchmarking Performance

In Table 1, we summarize the performance of each algorithm trained with 200,000 time-steps. We
also include some representative performance curves in Figure 1. The learning curves for all the
environments can be seen in appendix C. The engineering statistics shown in Table 2 include the
computational resources, the estimated wall-clock time, and whether the algorithm is fast enough
to run at real-time at test time, namely, if the action selection can be done faster than the default
time-step of the environment. In Table 5, we summarize the performance ranking.

Reacher 2D HalfCheetah Ant Humanoid-ET SlimHumanoid-ET SlimHumanoid Real-time testing Resources

RS 9.23 8.83 8.2 13.9 9.5 11.73 7 20 CPUs
MB-MF 4.03 4.05 5.25 5.05 3.3 4.8 X 20 CPUs
PETS 4.64 15.3 6.5 7.03 4.76 6.6 7 4 CPUs + 1 GPU

PETS-RS 2.68 6.76 5.01 5.1 3.35 5.06 7 4 CPUs + 1 GPU
ME-TRPO 4.76 5.23 3.46 5.68 2.58 2.36 X 4 CPUs + 1 GPU

GPS 1.1 3.3 5.1 N. A. N. A. 17.24 X 5 CPUs
PILCO 120 N. A. N. A. N. A. N. A. N. A. X 4 CPUs + 1 GPU
SVG 1.61 1.41 1.49 1.92 1.06 1.05 X 2 CPUs

MB-MPO 30.9 17.38 55.2 41.4 41.5 41.6 X 8 CPUs
SLBO 2.38 4.96 5.46 5.5 6.86 6.8 X 10 CPUs
PPO 0.02 0.04 0.07 0.05 0.034 0.04 X 5 CPUs

TRPO 0.02 0.02 0.05 0.043 0.031 0.034 X 5 CPUs
TD3 2.9 4.3 3.6 5.37 3.13 3.95 X 12 CPUs
SAC 2.38 2.21 3.15 3.35 4.05 3.15 X 12 CPUs

Table 2: Wall-clock time in hours for each algorithm trained for 200k time-steps.

Shooting Algorithms: RS is very effective on simple tasks such as InvertedPendulum, CartPole and
Acrobot, but as task difficulty increases RS gradually gets surpassed by PETS-RS and PETS-CEM,
which indicates that modelling uncertainty aware dynamics is crucial for the performance of shooting
algorithms. At the same time, PETS-CEM is better than PETS-RS in most of the environments,
showing the importance of an effective planning module. However, PETS-CEM search is not as
effective as PETS-RS in Ant, Walker2D and SlimHumanoid, indicating that we need more expressive
and general planning module for more complex environments. MB-MF does not have obvious gains
compared to other shooting algorithms, but like other model-free controllers, MB-MF can jump out
of performance local-minima in MountainCar. Shooting algorithms are effective and robust across
different environments.

Dyna-Style Algorithms: MB-MPO surpasses the performance of ME-TRPO in most of the environ-
ments and achieves the best performance in domains like HalfCheetah. Both algorithms seems to
perform the best when the horizon is short. SLBO can solve MountainCar and Reacher very effi-
ciently, but more interestingly in complex environment it achieves better performance than ME-TRPO
and MB-MPO, except for in SlimHumanoid. This category of algorithms is not efficient to solve long
horizon complex domains due to the compounding error effect.

SVG: For the majority of the tasks, SVG does not have the best sample efficiency. But for Humanoid
environments, SVG is very effective compared with other MBRL algorithms. Complex environments
exacerbate compounding errors; SVG which uses real observations and a value function to look into
future returns, is able to surpass other MBRL algorithms in these high-dimensional domains.
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Figure 1: A subset of all 18 performance curve figures of the bench-marked algorithms. All the algorithms are
run for 200k time-steps and with 4 random seeds. The remaining figures are in appendix C.
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In Table 1, we summarize the performance of each algorithm trained with 200,000 time-steps. We
also include some representative performance curves in Figure 1. The learning curves for all the
environments can be seen in appendix C. The engineering statistics shown in Table 2 include the
computational resources, the estimated wall-clock time, and whether the algorithm is fast enough
to run at real-time at test time, namely, if the action selection can be done faster than the default
time-step of the environment. In Table 5, we summarize the performance ranking.
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SAC 2.38 2.21 3.15 3.35 4.05 3.15 X 12 CPUs

Table 2: Wall-clock time in hours for each algorithm trained for 200k time-steps.

Shooting Algorithms: RS is very effective on simple tasks such as InvertedPendulum, CartPole and
Acrobot, but as task difficulty increases RS gradually gets surpassed by PETS-RS and PETS-CEM,
which indicates that modelling uncertainty aware dynamics is crucial for the performance of shooting
algorithms. At the same time, PETS-CEM is better than PETS-RS in most of the environments,
showing the importance of an effective planning module. However, PETS-CEM search is not as
effective as PETS-RS in Ant, Walker2D and SlimHumanoid, indicating that we need more expressive
and general planning module for more complex environments. MB-MF does not have obvious gains
compared to other shooting algorithms, but like other model-free controllers, MB-MF can jump out
of performance local-minima in MountainCar. Shooting algorithms are effective and robust across
different environments.

Dyna-Style Algorithms: MB-MPO surpasses the performance of ME-TRPO in most of the environ-
ments and achieves the best performance in domains like HalfCheetah. Both algorithms seems to
perform the best when the horizon is short. SLBO can solve MountainCar and Reacher very effi-
ciently, but more interestingly in complex environment it achieves better performance than ME-TRPO
and MB-MPO, except for in SlimHumanoid. This category of algorithms is not efficient to solve long
horizon complex domains due to the compounding error effect.

SVG: For the majority of the tasks, SVG does not have the best sample efficiency. But for Humanoid
environments, SVG is very effective compared with other MBRL algorithms. Complex environments
exacerbate compounding errors; SVG which uses real observations and a value function to look into
future returns, is able to surpass other MBRL algorithms in these high-dimensional domains.
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