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Abstract
Model-based reinforcement learning (RL) algo-
rithms can attain excellent sample efficiency, but
often lag behind the best model-free algorithms
in terms of asymptotic performance, especially
those with high-capacity parametric function ap-
proximators, such as deep networks. In this pa-
per, we study how to bridge this gap, by employ-
ing uncertainty-aware dynamics models. We pro-
pose a new algorithm called probabilistic ensem-
bles with trajectory sampling (PETS) that com-
bines uncertainty-aware deep network dynamics
models with sampling-based uncertainty propaga-
tion. Our comparison to state-of-the-art model-
based and model-free deep RL algorithms shows
that our approach matches the asymptotic perfor-
mance of model-free algorithms on several chal-
lenging benchmark tasks, while requiring signifi-
cantly fewer samples (e.g. 25 and 125 times fewer
samples than Soft Actor Critic and Proximal Pol-
icy Optimization respectively on the half-cheetah
task).

1. Introduction
Reinforcement learning (RL) algorithms provide for an au-
tomated framework for decision making and control, with
the potential to automate a range of applications, such as
autonomous vehicles and interactive conversational agents.
However, current model-free reinforcement learning algo-
rithms are quite expensive to train, often limiting their ap-
plication to simulated domains (Mnih et al., 2015; Lilli-
crap et al., 2015; Schulman et al., 2017), with a few ex-
ceptions (Kober and Peters, 2009; Levine et al., 2016). A
promising direction to reducing sample complexity is to
explore model-based reinforcement learning (MBRL) meth-
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ods, which acquire a predictive model of the world, and then
use that model to make decisions (Atkeson and Santamaría,
1997; Kocijan et al., 2004; Deisenroth et al., 2014). MBRL
is appealing because the dynamics model can generalize
to new tasks in the same environment, and it can benefit
from advances in deep supervised learning to utilize high-
capacity models. However, the asymptotic reward of MBRL
methods on common benchmark tasks generally lags behind
model-free methods.

In this paper, we take a step toward narrowing the gap be-
tween model-based and model-free RL methods. We first
note that model capacity is critical to the success of MBRL
methods: while efficient models such as Gaussian processes
can learn extremely quickly, they struggle to represent very
complex and discontinuous dynamical systems (Calandra
et al., 2016). On the other hand, while neural network (NN)
models can represent such systems more effectively, they
tend to overfit in low-data regimes (where MBRL always
starts) and make poor predictions far into the future, making
MBRL with NNs exceptionally challenging. This issue can,
to a large extent, be mitigated by properly incorporating
uncertainty into the model. While a number of prior works
have explored uncertainty-aware deep neural network mod-
els (Neal, 1995; Lakshminarayanan et al., 2017), including
in the context of RL (Gal et al., 2016; Depeweg et al., 2016),
our work is, to our knowledge, the first to bring these com-
ponents together in a MBRL framework that approaches the
asymptotic performance of state-of-the-art model-free RL
methods, at a fraction of the sample complexity.

Our main contribution is a MBRL algorithm called prob-
abilistic ensembles with trajectory sampling (PETS) sum-
marized in Figure 1) with high-capacity NN models that
incorporate uncertainty via an ensemble of bootstrapped
models, where each model encodes distributions (as op-
posed to point predictions). We show that PETS’s particular
treatment of uncertainty significantly reduces the amount
of data required to learn a task, e.g. 25 times fewer data on
half-cheetah compared to the model-free Soft Actor Critic
algorithm (Haarnoja et al., 2018).
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Figure 1: Our method (PE-TS): Model: Our probabilistic
ensemble (PE) dynamics model is shown as an ensemble
of two bootstraps (bootstrap disagreement far from data
captures epistemic uncertainty), each a probabilistic neural
network that captures aleatoric uncertainty (inherent vari-
ance of the observed data). Propagation: Our trajectory
sampling (TS) propagation technique uses our dynamics
model to re-sample each particle (with associated bootstrap)
according to its probabilistic prediction at each point in time,
up until MPC-horizon. Planning: Our MPC algorithm re-
computes at each time-step and applies the first action of
each action sequence, up until the task-horizon.

2. Related work
Model choice in MBRL is delicate: we desire effective
learning in both low-data regimes (at the beginning) and
high-data regimes (in the later stages of the learning pro-
cess). For this reason, Bayesian nonparametric models,
such as GPs, are often the model of choice in MBRL (Ko-
cijan et al., 2004; Ko et al., 2007; Nguyen-Tuong et al.,
2008; Grancharova et al., 2008; Deisenroth et al., 2014;
Kamthe and Deisenroth, 2017). However, such models typi-
cally induce additional assumptions on the system, such as
the smoothness assumption inherent in GPs with squared-
exponential kernels (Rasmussen et al., 2003). Parametric
function approximators have also been used extensively in
MBRL (Hernandaz and Arkun, 1990; Miller et al., 1990;
Lin, 1992; Draeger et al., 1995), but were largely supplanted
by Bayesian models in recent years. Methods based on local
models, such as guided policy search algorithms (Levine
et al., 2016; Finn et al., 2016; Chebotar et al., 2017), can
efficiently train NN policies, but using time-varying linear
models, which only locally model the system dynamics.
Recent improvements in parametric function approxima-
tors, such as NNs, suggest that such methods are worth
revisiting (Baranes and Oudeyer, 2013; Fu et al., 2015; Pun-
jani and Abbeel, 2015; Lenz et al., 2015; Agrawal et al.,
2016; Gal et al., 2016; Depeweg et al., 2016; Williams et al.,
2017; Nagabandi et al., 2017). Unlike Gaussian processes,
NNs have constant-time inference and tractable training
in the large data regime, and have potential to represent
more complex functions, including non-smooth dynamics
that are often present in robotics (Fu et al., 2015; Mordatch
et al., 2016; Nagabandi et al., 2017). However, most works
that use NNs focus on deterministic models, consequently
suffering from overfitting in the early stages of learning.
For this reason, our approach is able to achieve even higher
data-efficiency that prior deterministic MBRL methods such
as (Nagabandi et al., 2017).

Constructing good Bayesian NN models remains an open

problem (MacKay, 1992; Neal, 1995; Osband, 2016; Guo
et al., 2017), although recent promising work exists on
incorporating dropout (Gal et al., 2017), ensembles (Os-
band et al., 2016; Lakshminarayanan et al., 2017), and α-
divergence (Hernández-Lobato et al., 2016). Such proba-
bilistic NNs have previously been used for control, including
using dropout (Gal et al., 2016) and α-divergence (Depeweg
et al., 2016). In contrast to these prior methods, our exper-
iments focus on more complex tasks with challenging dy-
namics, including contact discontinuities, and we compare
directly to prior model-based and model-free methods on
standard benchmark problems, where our method exhibits
asymptotic performance that is comparable to model-free
approaches.

3. Model-based reinforcement learning
We now detail the MBRL framework and the notation used.
Using the Markov decision process formulation (Bellman,
1957), we denote the state s ∈ Rds and the actions a ∈ Rda
of the system, the reward function r(s,a), and we consider
a dynamical system governed by the transition function
fθ : Rds+da 7→ Rds such that given the current state
st and current input at, the next state st+1 is given by
st+1 = f (st,at). For probabilistic dynamics, we repre-
sent the distribution of the next state conditioned on the
current state and action as some parameterized distribution
family: fθ(st+1|st,at) = Pr(st+1|st,at). Learning for-
ward dynamics is thus the task of fitting an approximation f̃
of the true transition function f , given the measurements
D = {(sn,an), sn+1}Nn=1 from the real system.

Once a dynamics model f̃ is learned, we use it to predict the
distribution over trajectories resulting from applying a given
policy (e.g., a sequence of actions). We hence compute the
distribution of the reward for a given policy, and use it to
optimize the best policy to use. In Section 4 we discuss our
approach to modeling the dynamics, while in Section 5 we
detail how to compute the distribution over trajectories and
how to parametrize the controller.

4. Uncertainty-aware neural network models
This section describes our method to model uncertain dy-
namics: an ensemble of bootstrapped probabilistic neural
networks.

We define a probabilistic NN as a network whose
output neurons encode any parametric distribution,
capturing aleatoric uncertainty. We use the nega-
tive log prediction probability as our loss function
lossP(θ) = −

∑N
n=1 log f̃θ(sn+1|sn,an). For exam-

ple, we might define our predictive model to output
a Gaussian distributions with diagonal covariances pa-
rameterized by θ and conditioned on sn and an, i.e.:
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f̃ = Pr(st+1|st,at) = N (µθ(st,at),Σθ(st,at)). Such
a network output, which parameterizes a Gaussian distribu-
tion, models heteroscedastic aleatoric uncertainty, or inher-
ent system stochasticity (heteroscedasticity means the ran-
dom output variability is a function of the input). Choosing
a Gaussian distribution is a common choice for continuous-
valued states, and reasonable if we assume that any stochas-
ticity in the system is unimodal. However, in general, any
tractable distribution class can be used. To provide for an
expressive dynamics model, we can represent the parame-
ters of this distribution (e.g., the mean and covariance of a
Gaussian) as nonlinear, parametric functions of the current
state and action, which can be arbitrarily complex but de-
terministic. This makes it feasible to incorporate NNs into
a probabilistic dynamics model even for high-dimensional
and continuous states and actions.

While probabilistic NNs can capture aleatoric uncertainty,
they do not model epistemic uncertainty (subjective un-
certainty due to limited data), which cannot be captured
through purely discriminative training. A simple means
of capturing this form of uncertainty is through the use
of bootstrapped models, which have the benefit of provid-
ing reasonable uncertainty estimates without the need for
additional (hyper-)parameter tuning (Efron and Tibshirani,
1994; Osband, 2016). We consider ensembles of B-many
bootstrap probabilistic NNs, as done by Lakshminarayanan
et al. (2017), using θb to refer to the parameters of our bth

model f̃θb
, These ensembles define the following predictive

probability distribution: f̃θ = 1
B

∑B
b=1 f̃θb

. Each of our
bootstrap models have their unique datasetDb, generated by
sampling (with replacement) N times the dynamics dataset
recorded so far D, where N is the size of D. We found
B = 5 sufficient for all our experiments.

5. Planning and control with learned
dynamics

This section describes how we incorporate uncertainty in-
formation from the previously proposed model into plan-
ning. Once a model f̃θ is learned, we can use it for control
by predicting the future outcomes of candidate policies or
actions and then selecting the particular candidate that is
predicted to result in the highest reward. MBRL planning
in discrete time over long time horizons is generally per-
formed by using the dynamics model to recursively pre-
dict how an estimated Markov state will evolve from one
time step to the next, e.g.: st+2 ∼ Pr(st+2|st+1,at+1)
where st+1 ∼ Pr(st+1|st,at). When planning, the choice
of action at can depend on the state, forming a policy,
π : st → at. Otherwise, planning with actions independent
of the state is typically framed as model predictive control
(MPC) (Camacho and Alba, 2013). We use MPC in our own
experiments for several reasons, including implementation
simplicity, lower computational burden (no gradients), no

requirement to specify the task-horizon in advance, whilst
achieving the same data-efficiency as Gal et al. (2016) who
used a Bayesian NN with a policy to learn the cart-pole task
in 2000 time steps. Our full algorithm is summarized in
Section 6.

Given the state of the system st at time t, the predic-
tion horizon T of the MPC controller, and an action se-
quence at:t+T

.
= {at, . . . ,at+T }; the probabilistic dynam-

ics model f̃ induces a distribution over the resulting tra-
jectories st:t+T . At each time step t, the MPC controller
applies the first action at of the sequence of optimized
actions argmaxat:t+T

∑t+T
τ=t Ef̃ [r(sτ ,aτ )]. A common

technique to compute the optimal action sequence which
we use for this work is a random sampling shooting method
due to its parallelizability and ease of implementation.

Evaluating the exact expected trajectory reward using re-
cursive state prediction is generally intractable. Multiple
approaches to approximate uncertainty propagation found
in the literature (Girard et al., 2002; Quiñonero-Candela
et al., 2003). These approaches can be categorized by how
they represent the state distribution: deterministic, particle,
and parametric methods. Deterministic methods use the
mean prediction and ignore the uncertainty, particle meth-
ods propagate a set of Monte Carlo samples, and parametric
methods include Gaussian or Gaussian mixture models, etc.
Although parametric distributions have been successfully
used in MBRL (Deisenroth et al., 2014), experimental re-
sults (Kupcsik et al., 2013) suggest that particle approaches
can be competitive both computationally and in terms of
accuracy, without making strong assumptions about the dis-
tribution used.

Hence, we use particle-based propagation, specifically
suited to our PE dynamics model which distinguishes two
types of uncertainty. Our method, which we refer to as
TS1, begins by creating P particles from the current state,
spt=0 = s0 ∀ p. We found P = 20 sufficient in all our exper-
iments. For each particle and each time step, we associate
a bootstrap b(p, t), sampled uniformly from {1, . . . , B},
where B is the number of bootstrap models in the ensemble.
If we were to consider an ensemble as a Bayesian model, the
particles would be effectively continually re-sampling from
the approximate marginal posterior of plausible dynamics.
We consider TS1’s bootstrap re-sampling to place a soft
restriction on trajectory multimodality: particles separation
cannot be attributed to the compounding effects of differing
bootstraps using TS1. We then propagate particles by sam-
pling spt+1 ∼ f̃θb(p,t)

(spt ,at). Note that TS1 can capture
multi-modal distributions.

6. Algorithm summary
Here we summarize our MBRL method PETS in Algo-
rithm 1. We use the PE model to capture heteroskedastic
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aleatoric uncertainty and heteroskedastic epistemic uncer-
tainty, which the TS planning method was able to best use.
To guide the random shooting method of our MPC algorithm
we found the CEM method resulted in better performance.

Algorithm 1 Our model-based MPC algorithm ‘PETS’:
1: Initialize dataD with a random controller for one trial.
2: for Trial k = 1 to K do
3: Train a PE dynamics model f̃ givenD.
4: for Time t = 0 to TaskHorizon do
5: for Actions sampled at:t+T ∼CEM(·), 1 to NSamples

do
6: Propagate state particles spτ using TS and

f̃ |{D,at:t+T }.
7: Evaluate actions as

∑t+T
τ=t

1
P

∑P
p=1 r(s

p
τ ,aτ )

8: Update CEM(·) distribution.
9: end for

10: Execute first action a∗
t (only) from optimal actions

a∗
t:t+T .

11: Record outcome: D← D ∪ {st,a∗
t , st+1}.

12: end for
13: end for

7. Experimental results
We now evaluate the performance of our proposed
MBRL algorithm PETS. Videos of the experiments can
be found at https://sites.google.com/view/
drl-in-a-handful-of-trials.

We compare our Algorithm 1 against the following RL al-
gorithms for continuous state-action control:

• Proximal policy optimization (PPO): (Schulman et al.,
2017) is a model-free, deep policy-gradient RL a algo-
rithm (implementation from (Dhariwal et al., 2017).)

• Deep deterministic policy gradient (DDPG): (Lillicrap
et al., 2015) is an off-policy model-free deep actor-critic
algorithm (implementation from (Dhariwal et al., 2017).)

• Soft actor critic (SAC): (Haarnoja et al., 2018) is a
model-free deep actor-critic algorithm, which reports bet-
ter data-efficiency than DDPG on MuJoCo benchmarks
(we obtained authors’ data).

• Model-based model-free hybrid (MBMF): (Nagabandi
et al., 2017) is a recent deterministic deep model-based
RL algorithm, which we reimplement.

• Gaussian process dynamics model (GP): we compare
against an MBRL algorithm based on GPs. GP-MM is the
algorithm proposed by (Kamthe and Deisenroth, 2017)
except that we do not update the dynamics model after
each transition, but only at the end of each trial.

(a) Cartpole (b) Half-cheetah (c) 7-dof Reacher (d) 7-dof Pusher

Figure 2: Tasks evaluated.
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Figure 3: Learning curves for different tasks and algorithm.
For all tasks, our algorithm learns in under 100K time steps
or 100 trials. With the exception of Cartpole, which is suffi-
ciently low-dimensional to efficiently learn a GP model, our
proposed algorithm significantly outperform all other base-
lines. For visual clarity, we average over 10 experiments,
then plot the maximum reward obtained so far.

The results of the comparison are presented in Figure 3.
Our method reaches performance similar to the asymptotic
performance of the state-of-the-art model-free baseline PPO.
However, PPO requires several orders of magnitude more
samples to reach this point, while we reach a similar level
of performance in fewer than 100 trials on all four tasks.
Additionally, the asymptotic performance substantially ex-
ceeds that of the prior MBRL algorithm by (Nagabandi et al.,
2017). This result highlights the value of uncertainty esti-
mation. Whilst the probabilistic baseline GP-MM slightly
outperformed our method in cartpole, GP-MM scales cu-
bically in time and quadratically state dimensionality, so it
was infeasible to run on the remaining higher dimensional
tasks. It is worth noting that model-based deep RL algo-
rithms have typically been considered to be efficient but
incapable of achieving similar asymptotic performance as
their model-free counterparts. Our results demonstrate that
a purely model-based deep RL algorithm that only learns a
dynamics model, omitting even a parameterized policy, can
achieve comparable performance when properly incorporat-
ing uncertainty estimation during modeling and planning.

8. Discussion & conclusion
Our experiments suggest that model-based reinforcement
learning with neural network models can achieve perfor-
mance on par with not only Bayesian non-parametric mod-
els such as GPs, but also model-free algorithms such as PPO
and SAC in terms of asymptotic performance while being
substantially more data-efficient. Furthermore, these results
indicate that the gap between model-based and model-free
methods can in part be bridged by incorporating uncertainty
into the learning process. The observation that model-based
RL can match the performance of model-free algorithms
suggests that further investigation of such of methods is in
order, as a potential avenue for effective, sample-efficient,
and practical general-purpose reinforcement learning.

https://sites.google.com/view/drl-in-a-handful-of-trials
https://sites.google.com/view/drl-in-a-handful-of-trials
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