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ABSTRACT

Model-based reinforcement learning (MBRL) approaches have demonstrated great potential in handling
complex tasks with high sample efficiency. However, MBRL struggles with asymptotic performance com-
pared to model-free reinforcement learning (MFRL). In this paper, we present a long-horizon policy opti-
mization method, namely model-based deterministic policy gradient (MBDPG), for efficient exploitation
of the learned dynamics model through multi-step gradient information. First, we approximate the
dynamics of the environment with a parameterized linear combination of an ensemble of Gaussian dis-
tributions. Moreover, the dynamics model is equipped with a memory module and trained on a multi-
step prediction task to reduce cumulative error. Second, successful experience is used to guide the policy
at the early stage of training to avoid ineffective exploration. Third, a clipped double value network is
expanded in the learned dynamics to reduce overestimation bias. Finally, we present a deterministic pol-
icy gradient approach in the model that backpropagates multi-step gradient along the imagined trajec-
tories. Our method shows higher sampling efficiency than the state-of-the-art MFRL methods while

maintaining better convergence performance and time efficiency compared to the SOAT MBRL.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

Reinforcement learning (RL) can be divided into two classes:
model-free RL (MFRL), which learns a policy directly from the
interaction with the environment without knowing its dynamics,
and model-based RL (MBRL), which optimizes a policy with a
learned dynamics model of the environment. MFRL has shown an
excellent capability to handle complex tasks in unknown environ-
ments, including the game of Go [1,2], Atari games [3,4], control
tasks [5-7], and images segmentation [8]. However, the low sam-
pling efficiency of MFRL limits its applications to control problems
in the real world, especially for tasks with high data collection
costs, such as robotics [9-11]. Compared with model-free methods,
MBRL requires orders-of-magnitude fewer samples [12-14] since
the simulation data can be gathered without interacting with the
environment. Another advantage of MBRL is that the value func-
tion can be estimated more accurately through the returns of
long-horizon rollouts in the dynamics model [15,16].

* Corresponding authors.
E-mail addresses: doctorliyunxia@163.com (Y. Li), yaoru@tongji.edu.cn (Y. Sun).

https://doi.org/10.1016/j.neucom.2022.02.022
0925-2312/© 2022 Elsevier B.V. All rights reserved.

MBRL algorithms improve the sampling efficiency roughly
through three mechanisms. First, Dyna-style algorithms [13,17]
use the learned dynamics to generate imaginary data and learn
policy through a model-free approach, which do not exploit the
gradient information provided by the dynamics. Second, shooting
algorithms plan action sequences based on the trajectories sam-
pling from the learned model, such as random shooting [18,19],
or CEM [20], which have low convergence performance as multiple
complete Monte Carlo experiments are required. Contrary to the
above two categories, model-based policy gradient algorithms
[12,21-23] exploit the differentiability of the model and calculate
the gradient of the objective function with respect to the policy,
which can be optimized directly, but few of them take into account
the gradient information of multiple steps.

Learning a sufficiently accurate model for planning has proven
challenging. Based on the limited states visited from the explo-
ration, it is difficult to fit a model that is uniformly applicable in
the state space. Furthermore, the distribution from which the sam-
ples are drawn to learn the model is not stationary, but changes
with the behavior of the agent [24]|. The aleatoric uncertainty
and epistemic uncertainty contained in the environment raise

Please cite this article as: S. Gao, H. Shi, F. Wang et al., Deterministic policy optimization with clipped value expansion and long-horizon planning, Neu-
rocomputing, https://doi.org/10.1016/j.neucom.2022.02.022
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another dilemma [25]. Defective models pose the problem of
cumulative errors during the rollout process [26,27].

RL requires extensive trial-and-error exploration in the environ-
ment, but much of this is repetitive and ineffective in the early
training. In contrast, imitation learning can reduce redundant
exploration guided by expert demonstrations. Behavioral cloning
(BC) [28] methods learn a state-to-action mapping directly from
demonstrations. Inverse reinforcement learning (IRL) [29] recovers
a reward signal from the expert behavior and constructs RL meth-
ods to learn the policy. However, the learner can never outperform
the expert with the cloned behavior in imitation learning.

In this paper, we propose a model-based deterministic policy
gradient (MBDPG) algorithm with an off-policy actor-critic frame-
work [30]. We use a linear combination of multiple Gaussian distri-
butions to approximate the dynamics model of the environment.
The LSTM [31] network is used as the memory module of the
dynamics model to encode the history state information. The
model is trained with multi-step prediction to reduce the cumula-
tive error. Successful experience is provided in the early training to
increase exploration efficiency. We expand the clipped value esti-
mation in the model, which provides a stable critic model with a
low overestimation bias. Finally, we derive the model-based deter-
ministic policy gradient by linking the dynamics model, the value
function, and the policy to form an end-to-end pathway for train-
ing. As a result, the policy gradient can be backpropagated through
rollout trajectories.

The main contributions of our work are summarized as follows:

(1) Mixture Gaussian Network for multi-step prediction. Deep
neural networks are utilized to parameterize linear combi-
nations of an ensemble of Gaussian distributions, which
effectively captures the stochasticity and uncertainty of the
environment. In contrast to other probabilistic ensemble
methods, our approach constructs a recurrent memory net-
work to encode historical information, and trains the model
on a multi-step prediction task to reduce the cumulative
error.

(2) Learning from successful experience. In early training, our
approach speeds up the convergence of policy by cloning
the behavior of the expert and learning critic model to inter-
pret the intention of the tasks.

(3) Long horizon planning with clipped value expansion and
deterministic policy gradient. We exploit multi-step expan-
sion based on the dynamics model for both critic estimation
and policy optimization. In addition, the model-based deter-
ministic policy gradient in our method avoids integration
over the action space in contrast to stochastic policy. We
backpropagate multi-step gradient along the imaginary tra-
jectories to obtain faster convergence compared to one-step
policy gradient methods in MBRL. The experiments demon-
strate that an appropriate growth of the horizon can acceler-
ate the convergence of the algorithm.

2. Related work
2.1. Dynamics model

The learning of dynamics model is essentially a supervised
learning problem. PILCO [12] uses Bayesian non-parametric and
probabilistic Gaussian Processes (GPs) [32] to estimate the dynam-
ics model, but it is difficult to apply to high-dimensional tasks.
Neural networks (NNs) are used to parameterize deterministic
models of high-dimensional state space in [33] due to their power-
ful representation capabilities. However, deterministic models
cannot represent stochasticity and uncertainty in complex envi-
ronments. PETS [34] uses an ensemble of probabilistic networks
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to sample the trajectory and incorporates the uncertainty into
the learned dynamics model. The recurrent neural network is used
to integrate previous observation information as prior knowledge
in [35]. AMRL [36] uses aggregators to increase the robustness of
LSTM against noise, to maintain the information gradient in the
long horizon. PlaNet [37] builds a recurrent state-space model with
both deterministic and stochastic components. Our method is sim-
ilar to World Models [38], in the sense that we both use a Mixture
Density Network combined with an RNN network, but in our
method, the dynamics model is trained for multi-step prediction.

2.2. Policy optimization

Heuristic algorithms can quickly obtain near-optimal solutions
to an optimization problem from the search space. SLEPSO [39]
proposes a novel path planning method for intelligent robots based
on non-homogeneous Markov chain and differential evolution to
balance local search and global search. RODDPSO [40] presents a
distributed approach to introduce randomly occurring time-
delays to expand the search space and improve the performance
of getting rid of the local optima dilemma. To alleviate the prema-
ture convergence problem and escape from the local optima,
DNSPSO [41] proposes a distance-based dynamic neighborhood
to integrate the neighborhood information, and an adaptively
adjusted switching learning strategy to close the global optimum.

Random Shooting (RS) methods [19,42] sample several random
action sequences from a policy, and perform these sequences in the
learned dynamics model. The agent selects the optimal action
sequence with the highest episode return and executes the first
action in the real environment. However, action sampling in RS
lacks effective planning. In the CEM algorithm [20], the most
rewarding actions are sorting out according to long-term rewards
to obtain a better solution. In PETS [34], the policy is trained using
the RS method and the CEM method respectively. Our algorithm
differs from the PETS, in the meaning that we use end-to-end gra-
dient information to update the policy instead.

The dynamics model in ME-TRPO [17] and SLBO [43] is used to
generate imagination data, which is employed as a supplement to
the environment data to optimize policy with TRPO [44]. MBPO
[13] uses an ensemble of probabilistic neural networks to approx-
imate the dynamics of the environment, which is similar to PETS,
but uses a MFRL method, SAC [7], to update the policy. In our
approach, multi-step planning can be performed in the learned
model. Compared to MBPO, which utilizes one-step gradient infor-
mation, our method can roll out state sequences and obtain more
gradient information within the foresight horizon.

The policy gradient methods in MFRL have demonstrated their
strong asymptotic performance. SAC [7,45] maximizes the entropy
to encourage the agent to explore the environment. Under the
actor-critic framework, deterministic policy gradient (DPG) [46]
and Deep DPG (DDPG) [47] optimize the deterministic policy with
the formulation of deterministic policy gradient. DPG proves that
the deterministic policy gradient algorithm is significantly more
effective than the stochastic policy gradient algorithm in the
high-dimensional action space. TD3 [48] mentions that overesti-
mation bias is a common problem in the Q learning process, and
proposes a clipped double Q-learning algorithm to overcome the
overestimation bias. We give the model-based derivation of the
deterministic policy gradient. Compared with the model-free pol-
icy gradient methods, our method uses the model to carry out
multi-step gradient backpropagation, which yields much higher
sampling efficiency than model-free methods.

Prior works have explored either directly planning the actions
or incorporating policy gradient methods into MBRL to speed up
the convergence. In PILCO [12] algorithm, the policy is optimized
by the gradient sampled from model rollouts. Since it learns the
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dynamics model through the Gaussian process, when the dimen-
sionality of the task increases, the complexity of the algorithm will
increase exponentially. SVG [23] uses reparameterization to intro-
duce noise into the policy and model and makes the backpropaga-
tion of stochastic sampling possible. MAAC [22] and Dreamer [49]
perform a latent space representation of the input image informa-
tion. The policy gradient is estimated by backpropagating its gradi-
ent through the trajectory to learn a stochastic policy in MAAC. Our
method proposes a model-based deterministic policy gradient
method, which does not require complicated sampling in the
action space in contrast to stochastic policy gradient. In addition,
the learned model is used to correct the value estimations in our
algorithm.

3. Preliminaries

In this section, we describe the reinforcement learning problem
in detail and explain the notation used in this paper.

We regard a standard RL problem as a Markov decision process
(MDP) [50], which is defined by a tuple (S,A,p,R,7, p,). Here, S and
A denote the state and action spaces, respectively. R represents the
reward function, p, represents the initial state distribution and
y € (0,1) is the discount factor. Inputting the current state s; and
action a;, the state transition model s, ~ p(st, a;) returns the next
state s;.1, and the reward function r..; ~ R(s;,a;) returns the
immediate reward r..;. The goal of reinforcement learning is to
obtain an optimal policy that maximizes the expected reward:

R =E {i PR(s;, at)} (1)

t=0

MBRL algorithms learn the dynamics model from the empirical
data t = (So, @0, 51,01, ...) by interacting with the environment. We
use a parameterized function s¢.; ~ f(S;,a;) to approximate the
state transition function p(s;,a;) of the environment, Similarly, a
parametric function r. .y ~ f.(S;,a;) is used to approximate the
ground truth reward function R(s;,a;). H represents the length of
the horizon in the model.

In actor-critic methods, the actor model and the critic model are
updated alternately. We learn an - action-value function
q; = Q(st,a;) that approximates the expected return conditioned
on a state s, and action a,. Then, the learned critic model is used
to optimize a policy a; = p(s¢).

Generally, the action-value function, Q, is evaluated by itera-
tively minimizing the Bellman residual in Q-learning method:

Q(st, @) — Q(St, ) + o |Te1 + Y MAXQ(St.1,@) — Q(st, ar) (2)

Where 1,1 + ymax,Q(Seu1,a) — Q(st,a;) is called TD error, 7y
here is the discount factor which controls the contribution of
rewards further in the future, and o is the step size. In Q-
learning, a greedy strategy is employed to update the Q function,
which may cause large estimates of the value function, called
overestimation bias.

For a large state space, DQN constructs function approximators
with neural networks parameterized by . Given state and action
as the input, the Q-Network outputs Q-value estimation. The opti-
mization objective is to minimize the loss:

Jo¥) = E[(Q(s0,acly) = (rict + Q511,01 19))] 3)

The target value is given by the target network Q(s;,a|y/) to
maintain a fixed objective over multiple iterations.

In actor-critic methods, the actor-network zi(s¢|6) is trained to
maximize the outputs of the learned Q-networks through the
DPG algorithm:
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Val(0) = Exep [Vopt(510)VaQ (5, 0) oy (4)

The off-policy approach is applied in the actor-critic framework,
sampling random mini-batches from an experience replay buffer to
reduce the correlation among the samples.

4. Methods

Our approach focuses on modeling dynamics for long-term pre-
diction and exploiting multi-step policy gradient to improve con-
vergence performance. In this section, we first present the
Mixture Gaussian Network to approximate the dynamics for
multi-step prediction. Second, we use an imitation learning
approach to accelerate the initial period of exploration. Finally,
we present a model-based deterministic policy gradient approach
to update the policy in an end-to-end manner.

4.1. Dynamics model learning

Before planning, we need to construct a simulation of the envi-
ronment from the agent trajectories 7 = (So,a,,S51,4d1,---), which
approximates the ground truth sufficiently well over a long hori-
zon. The computation graph is shown in Fig. 2.

4.1.1. Mixture Gaussian network

We consider sample sequences {s,,a[,rt}f:1 with time step t,
state s;, continuous action a;, and scalar reward r;. A Mixture Gaus-
sian Network is used to predict the next state §;,; and reward 7¢,1.
Stochastic ‘dynamics models can capture part of the aleatoric
uncertainty of the environment, but a single probability density
function still cannot accurately fit all situations, since the stochas-
ticity of the environment is not unimodal. Therefore, we define an
ensemble of Gaussian distributions
{(¥(Hy,01),00), ... (N (ty, Oum), 0m) }. Each Gaussian distribution
of the ensemble is parameterized by a probabilistic feed-forward
neural network, which outputs the mean y;, variance o;, and corre-
sponding weights o; of the distribution. Each Gaussian distribution
represents a single dynamics model, which generates the predicted

state §i 1 and reward fiﬂ by sampling in the probability density:

PGBy T Ise, a0) = A (1, 07) (5)

By summing the predicted values of Gaussian distributions with
adaptive weights, the Mixture Gaussian Network can output a
more accurate state $;,; and reward 7., in the long term:

M
P81, Ter|Se, ar) = Z i <§lt+1,f'lf+1 ~ A (5 01‘)) (6)
i=1
To mitigate the partial observability, LSTM is used as the mem-
ory component of the Mixture Gaussian Network, which enables
the agent to utilize historical data as prior knowledge. We express
the memory model as h;,; = f(hy, s, a;), which encodes the sequen-
tial inputs into the hidden state h;. The dynamics model contains a
state model S;,1 ~ f(St,ar, h), to predict the next state, and a
reward model #¢,1 ~ f, (S, a, he), to predict the reward. In more
detail, the LSTM network outputs the next hidden state h,,; condi-
tioned on s¢, a; and h,, and the multilayer fully connected network
maps the next hidden state h;; into the parameters
{14,010, -, Uy, Oum, o } Of the ensemble of Gaussian distribu-
tions. According to Eq. (6), we obtain the dynamics model in our
work:
Hidden state model:

heir = fy(he,se,ar) (7)

Gaussian distributions:
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(a) Walker

(b) LunarLander

(c) HalfCheetah
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(e) Ant

Fig. 1. Continuous control tasks in OpenAl Gym and MuJoCo used in our expertiments. Several challenges in RL are included in these environments, such as sparse rewards,
high-dimensional spaces, many degrees of freedom, and complex dynamics. Our approach shows great generalization in different environments.

@

hidden state (\v} state reward action loss function
environment dynamics model S > state loss S ] > reward loss — forward
hy h D XFC
Dynamics model l \ / 1 \
i S
| /
a, Loss f
|
\
S | \
Environment
\ \
A 4
So 63 Y i S

Fig. 2. Computation graph of learning dynamics model. Given the initial state, the same sequence of actions is executed respectively in the model and in the environment.

Solid lines represent forward propagation, dashed lines with double arrows denote the

(Hiv Oi, ai)?i] :fg(hf’sfv al) = g(hHl) = g(fh(htvstt af)) (8)

State model:

Sei1 = f5(Se,ae, he) = (S [Se, A he) = ZOC:' (§i+] ~ =/1/(,uia0i)) 9)

M
i=1

Reward model:

Tre1 = f(Se, A, he) = Pp(FeenlSe, e, Ne)

M )
= ZO(,' (f'lH_] ~ ,A/l(ﬂ“ O’])) (10)
i=1

4.1.2. Multi-step prediction training

We include the multi-step prediction loss in the overall training
goal, in which the error information at each step is utilized to mod-
ify the parameters. During dynamics training, we execute the same
action sequences {do,ds,---,ay_1} in the simulation model as in
the ground-truth trajectory
T= {So, dop,T1,81,01,12,- -+ ,SH-1,04-1,TH, SH} from an initial state So-
The objective function contains the Maximum Likelihood Estima-
tion of the Gaussian distribution and the error of the predicted
reward. The training objective aims to maximize the probability
of the ground-truth state s; under the learned mixture Gaussian

distribution 4" (g;, 67)!",, and minimizes the mean-squared error
(MSE) between the predicted and true rewards:

loss calculation between the predictions and the ground truth data.

(11)

T = Z (re— i’t)z - Z

t=1 t=1 i

oilogp; (se| ;. 07)

H H M
=1

Where p;(s|i;, 0;) represents the probability of the ground

truth s, under the i Gaussian distribution. The greater the likeli-
hood is, the closer the learned mixture Gaussian distribution is to
the state distribution of the real environment. Compared with
one-step training, multi-step training significantly reduces the
cumulative error for prediction.

Note that in our work, a deterministic dynamics model is
employed during planning. Sampling from Gaussian distributions
in stochastic dynamics makes the model non-differentiable, which
prevents our algorithm from training the policy end-to-end. The
reparameterization trick can maintain the differentiability of the
dynamics model but introduces additional computation. In
stochastic methods, the learned Gaussian distributions are con-
structed by linear transformation with the noise drawn from a
standard normal distribution:

§ =+ airee~ 0(0,1) (12)

In contrast, the deterministic model avoids sampling operations
when predicting the next state and reward and allows gradient
backpropagation along the model. As the training of the stochastic
dynamics model proceeds, the variance of the Gaussian distribu-
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tion gradually converges. While using the model, we directly use
the weighted sum of the means of the Gaussian distributions as
the predicted value:

M
§r-;—ljr-;—l = Zai,ui (]3)
i=1

4.2. Learning from success with imitation learning

The following shows the initialization of the critic model and
actor model with successful demonstrations.

Expert data is collected in advance using SOTA MFRL methods.
We adopt TD3 [48] to train expert behavior and gather the trajec-
tories of completed tasks in the environment.

Deep neural networks are employed to represent the actor and
critic models with parameters 0 and v, respectively. To learn the
intent of the expert, we update the critic model with successful
experience. Here, the critic network q, ~ Q (S, ac|y) is updated with
a temporal difference method. The optimization objective of the
critic model in a time step ¢ is to minimize the error between the
target value r.,1 + 9Q(S¢+1,0¢,1) and the estimated value Q(s, a;):

Jo): = E|[(Q(st,ar) — (et +7Q(Se41, ae41)))° (14)

The updated critic model outputs estimations with a small vari-
ance, which facilitates robustness for later learning and prevents
abrupt changes.

The actor-network a; ~ pu(s¢|6) is updated with behavioral clon-
ing. The problem is converted into a supervised learning problem
by solving a regression task to obtain an initial policy.

Jul0) = E[(u(s0) - @)’ (15)

In most cases, we cannot guarantee that the expert policy is
optimal. In our approach, only successful trajectories for complet-
ing tasks are collected as expert demonstrations. Although expert
behavior is defective, it still provides enough learning signals for
the initialization of the actor and critic model. Guided by expert
data, a roughly accurate policy and value function that points to
the endpoint of the task can be quickly obtained, along with ade-
quate empirical data that is effectively explored. However, the
learned critic and actor model have a large bias and poor general-
ization due to data limitation. In the following, with the guidance
of the initialized actor and critic model, we further optimize the
policy in the dynamics model to obtain the optimum that outper-
forms the expert.

4.3. Long horizon planning

In this section, we show a model-based deterministic policy
gradient method, MBDPG, that backpropagates multi-step gradient
along the imaginary trajectories to update the deterministic policy
under the actor-critic framework. The architecture of MBDPG is
shown in Fig. 3.

4.3.1. Critic model with clipped value expansion

In our approach, a critic model is constructed to estimate the
action-value function Q. Compared to MFRL, the bias of the value
function can be reduced by value expansion in the learned dynam-
ics. We roll out H steps in simulation dynamics to obtain an imag-
inary trajectory {do,$1,a1,52,0;...,54} and imagined rewards
{f1,72,...,Ty} from an initial state s,. Here, a neural network is
used to approximate the critic with parameters . The optimiza-
tion goal of the critic model is to minimize the error between the
estimated and the target Q through the Bellman equation. We give
the objective function of the critic model from time step t:

No. of Pages 12, Model 5G

Neurocomputing xXx (XXXx) XXX

state reward action value actor model

. critic model

— forward — objective computation ===ch: back-propagate

actor

// \\\ V.J,(6)

a(l

So

critic i Qiarge

Fig. 3. Computation graph of Model-based deterministic policy gradient and
clipped value expansion with horizons of H in the model.

H-1 2
JolW), = E[(Q@t,ao - (& + Q500 ) ) }
, (16)
H-1
—E {(Q(ét,at) (X 75000+ Q6 aw)) ) }

The target state-action value approximates the ground-truth
return by ‘accumulating the simulation rewards of multi-steps
Zg;:y“?hﬂ. The Q(Sy,ay) contains the expected return over the
horizon.

In the actor-critic framework, maximizing the expectation of a
critic network containing noise induces a consistent overestima-
tion of the Q estimates. The overestimation bias causes a negative
state to be overestimated, and it is easily propagated and accumu-
lated through multiple updates, which leads to a suboptimal pol-
icy. Here, we construct a clipped double Q-network, which has
two Q networks with the same structure to estimate the Q values
independently. Then, we choose the minimum of them as the final
estimation result to reduce the overestimation error:

Q= gglig Qi(st, ar) (17)

Although taking the minimum may induce an underestimation
bias, it is far preferable to overestimation bias [48]. Our approach
expands the clipped estimates in the learned model to further
reduce the variance of the estimator error, which results in a more
stable learning target for the update.

Algorithm 1. Model-based Deterministic Policy Gradient

1: Initialize environment buffer Depy and model buffer Dyogel-
Initialize networks of dynamics f,, critic Q,, actor p,, and
corresponding learning rates /s, g, and 4.

2: Train expert via TD3 and generate demonstrations.

3: Update policy y, and critic Q, via demonstrations.

4: for N epochs do

5: Sample trajectories from the environment via stochastic
policy 7. Add them to Depy.

6: for M epochs do

7: Sample data from Depy and update dynamics model
¢ — & — 25Vl ().

8: end

9: for E epochs do

(continued on next page)
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a (continued)

Algorithm 1. Model-based Deterministic Policy Gradient

10: for H steps rollout in the model do

11: Perform H steps rollout in model using policy p,.
12: Add trajectories data to Dyodel-

13: Update value function  — v — Ao VyJo (¥).

14: Update policy 0 « 0+ 2,V ,(0).

15: end
16: end
17: end

18: Return an optimal policy pu,.

4.3.2. Actor model with deterministic policy gradient

We use parameterized neural networks to represent a deter-
ministic policy as a; = u(s¢|0), where 0 is the parameter of the pol-
icy network. Consider an imagined trajectory with a finite horizon
H under policy p. The objective function of the actor model aims to
maximize the total immediate rewards and the value estimations
for the trajectory:

H-1 H
.]/L(G) =E |:,[7) ;) 'fo'prl + t; VIQ(§t7 at)'ir:fs(gm atil).af:p(éf):| (]8)

H-1 H
=E {‘[3 ;) V(8. ar) + ; QS at)|§t:fs(s‘,1.at,1)-ﬂz:#(§r):|

Where the parameter g is adaptive and indicates the weight of
the immediate rewards Sy, in the total return. The agent
can avoid short-sightedness and neglecting the future return by
updating the parameter . The term of the value estimations
ZL)}‘Q(Q, a;) can prevent the exploding and vanishing gradient
effect caused by backpropagation over time.

To optimize the objective function, we use the analytic gradient
of the neural network. Utilizing the recurrence relation of the
dynamics model, we can calculate the gradient of multiple steps
in the trajectory. Here the model, policy, and value function are
all deterministic and differentiable. Based on the chain rule and
the deterministic policy gradient theorem [23], we give the
method for calculating the gradient of the objective function with
respect to the policy parameters in the model-based case:

H-1
YVl (0) = E[B 3 7" (Vsf (56 a0) VoSe + Vaf(Se, ar) Vot (51))
. (19)
+ t; Vt (VGQ(§f7 at)v():uo(gt)) |§r=fs(sr71.a,,”-ﬂ[:y”(gt)]
According to the Markov property and the learned state transfer
model §; ~ f(S:-1,a: 1), the gradient of the state with respect to the
policy parameters can be expressed as the recursive formula:

VoSt = V()fs (EH ,0¢_1)
= Vifs(8t-1,8:21) VoS- + Vaf s(Se-1, Q1) Vot (Se-1)

Multi-step imagination is expanded in the model, which means
that the agent can reach a larger state space, and richer gradient
information can be exploited to optimize the policy compared to
MEFRL.

In general, a deterministic policy cannot guarantee sufficient
exploration in the environment, unless there is adequate noise in
the environment. We now consider an off-policy method that uses
a stochastic actor 7(s|s,,s,) as a behavioral policy to augment the
exploration in the environment. The stochastic policy is a Gaussian
distribution, the mean s, is the output of the deterministic policy
1(s¢|0), and the variance s, is a parameter that can be learned.

(20)
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The variance decreases with the increase in the expected reward
of the deterministic policy. As the deterministic policy gradually
converges, the stochasticity of exploration can be reduced. Two
independent experience reply buffers are constructed to store
environmental exploration samples and imagination data respec-
tively. During the training process, the ratio of sampling from the
model and environment can be tuned to control the sampling
efficiency.

To prevent instability in the training process, we use target net-
works for the actor and critic, and the update frequency of the tar-
get network is lower than that of the actor and critic network.

5. Experiments

In this section, we describe the details of the experimental
implementation. Our experiment aims to explore the following
questions: (1) How well does our algorithm perform compared to
the state-of-the-art model-based and model-free algorithms? (2)
Whether our algorithm has an advantage in terms of time cost
compared to othermodel-based methods? (3) What are the factors
that affect the overall performance of the algorithm?

We compare our algorithm against two model-free and two
model-based baselines. For MFRL baselines, we compare ours to
soft actor-critic (SAC) [7], which has proven excellent convergence
performance by maximizing entropy, and Twin Delayed Deep
Deterministic policy gradient (TD3) [48], which considers the
interplay between function approximation error in both value
and policy updates. For MBRL baselines, we choose probabilistic
ensembles with trajectory sampling (PETS) [34], which demon-
strates excellent performance in approximating dynamics, and
model-based policy optimization (MBPO) [13], which uses
model-free SAC to accelerate the convergence of the policy.

We evaluate MBDPG and the baselines on a set of OpenAl Gym
[51] and MuJoCo [52] continuous control tasks, illustrated in Fig. 1.
These tasks have a series of challenges, including sparse rewards,
complex dynamics, high-dimensional action space and state space.
The actions are continuous and range from 2 to 8 dimensions. In
BipedalWalker-v3 and LunarLanderContinuous-v2, there are
abrupt changes in rewards that present a challenge to policy
optimization.

5.1. Experiment implementation

All experiments are performed on a single Nvidia RTX TITAN XP
GPU. To ensure the comparability of the experimental results, we
modify all the algorithms to adapt to the experimental tasks and
test them under the same experimental environment and condi-
tions. The same hyperparameters are used across all tasks. In all
methods, the random seed is set as 12345, and the initial parame-
ters of all networks are generated from a Gaussian distribution
with mean 0 and variance 1. To ensure a uniform evaluation stan-
dard, the maximum time steps for a test episode are set as 1,000.
To prevent exploration from falling into an endless loop, an episode
is terminated when the time steps exceed 1,000. If the agent
reaches the termination state, we terminate the current episode
in advance and start a new exploration episode.

In our method, the memory network is composed of LSTM Cells,
which output hidden states and cell states. Three dense layers of
size 256 are used to encode the hidden states to generate an
ensemble Gaussian distribution and scaled rewards. The policy
network, the critic network, and all other functions are imple-
mented by three fully connected layers with hidden size of 256.
In particular, the critic network adopts a double-Q network with
the same structure. We use ELU activation to avoid the vanishing
gradient problem in long-horizon prediction and planning.
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A total of 4,000 time steps of random data are collected to ini-
tialize the parameters of the dynamics model. We sample batches
of 128 containing sequences of length 200 to train the dynamics

model, critic model, and actor model with learning rate 2 x 107
The discount factor y is set as 0.99. The entire training process is
the alternate update of the critic model and the policy. The critic
model is trained with a maximum step of 1000 per epoch in the
model to achieve convergence, and then the actor model is
updated.

5.2. Comparative experiments

We compare our method with the SOTA MBRL and MFRL meth-
ods in terms of sampling efficiency, time efficiency, and progres-
sive performance.

Performance in Box2D. We evaluate MBDPG and the baselines
on the continuous control tasks in Box2D. Fig. 4 shows the learning
curves for all methods over 200 k time steps. The results show that
our method converges faster than baseline methods at the begin-
ning of training. In addition, the results demonstrate that our
method requires fewer samples than model-free methods. The
learned dynamics model can simulate trajectories with a long hori-
zon, so the sampling efficiency of our algorithm is higher than that
of MBRL with one-step prediction. Moreover, our MBDPG method
can converge in fewer time steps than the model-free method,
and finally achieve comparable performance. For example, MBDPG
approaches the best performance at 50k time steps in the
BipedalWalker-v3 task, but TD3 is still in the process of conver-
gence at 200 k steps. The long horizon planning in our method
drives the agent to stress the future rewards to approach the global
optimal policy, while more exploration is needed in TD3 to obtain
the equivalent learning signals.

Performance in MujJoCo. To verify the performance of MBDPG
in high-dimensional tasks, we conducted comparative experiments
in several MuJoCo environments. The results in Fig. 5 prove the
good performance of MBDPG in high-dimensional tasks. Compared
to MFRL, the learned dynamics model turns the RL problem into a
planning problem so that the error of value estimation can be
reduced and the gradient information can be backpropagated along
the trajectory by expansion in the model. Compared to other MBRL
algorithms, our method shows faster convergence of the policy,
even several times faster on some tasks, proving the potential of
multi-step deterministic policy gradient for fast optimization of

BipedalWalker-v3
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policy. PETS requires multiple Monte Carlo experiments in the
model to optimize the policy, which leads to its lower convergence
performance. MBPO only uses the model to generate imaginary
samples and does not fully utilize the gradient information of the
model. In contrast, our approach exploits the model to both
improve the accuracy of the critic model and enrich the learning
signal of the policy. Compared to stochastic policy methods, the
gradient estimation of deterministic policy in MBDPG avoids inte-
gration in action space, which ensures higher sampling efficiency
than stochastic versions. For example, our policy performance is
several times better than MBPO and SAC with the same number
of training samples in the Hopper-v2 environment. Furthermore,
MBDPG can accomplish tasks with high-dimensional actions, such
as Ant-v2, which cannot be achieved for some model-based meth-
ods such as PETS, showing the importance of purposeful
exploration.

Time efficiency. We estimate the wall-clock time required for
various methods to complete 200 k training time steps in different
tasks, and the results are shown in Table 1. The time efficiency of
our method exceeds that of some model-based methods, such as
PETS, and is slightly lower than that of MFRL because of model
learning. The time efficiency of some MB methods, such as PETS,
is sensitive to the state-space and action-space dimensions of the
task. PETS is inefficient in high-dimensional tasks, such as
HalfCheetah-v2, because it requires a large number of complete tri-
als. MBDPG is effective on complex tasks due to the use of the
deterministic model and deterministic policy. The length of the
horizon has a greater impact on the time efficiency of our algo-
rithm. When H = 10, the time efficiency can be compared to SAC
and TD3.

Aggregation methods of the dynamics model. We evaluate
the prediction performance of the learned dynamics model with
different aggregation methods, and Fig. 6 shows the results. In
the bootstrap aggregating (bagging) method, we train each Gaus-
sian network in the ensemble separately, and use the average of
multiple independent Gaussian networks as the prediction result,
which reduces the prediction variance of the learned dynamics
model. In the XGBoost method, we choose a single Gaussian net-
work from the ensemble as a regressor and keep using other Gaus-
sian networks in the ensemble to fit the prediction residuals of the
previous Gaussian network. The results show that this sequential
aggregation method reduces the bias but not the variance. In con-
trast, the Mixture Gaussian Network in our approach demonstrates

LunarLanderContinuous-v2
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(a) Walker (b) LunarLander

Fig. 4. Training curves of our algorithm and baselines in Box2D environment within 200 k total training time steps and 1000 steps in a test episode. The solid line indicates
the mean of five experiments and the shaded regions indicate the standard deviation.
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Fig. 5. Training curves of our algorithm and baselines in MuJoCo environment within 200 k total training time steps and 1000 steps in a test episode. The solid line indicates

the mean of five experiments and the shaded regions indicate the standard deviation.

Table 1
The total wall-clock time in hours consumed for each algorithm to complete 200 k steps training and test.
Methods BipedalWalker-v3 LunarLanderContinuous-v2 HalfCheetah-v2 Hopper-v2 Ant-v2
TD3 45h 49h 39h 3.1h 3.7h
SAC 59h 6.1h 49h 42h 49h
OURS 6.5h 6.2h 7.6h 6.7h 10.4h
PETS 142h 13.8h 202h 102 h 252h
MBPO 10.4h 9.8h 17.2h 10.1h 21.6h
sequence samples of length 50, and Fig. 7(a) shows their prediction
errors within 200 steps. The results show that increasing the size of
0.006 the ensemble can effectively improve the prediction performance
of the dynamics model, because more Gaussian distributions cap-
ture more stochasticity in the environment. When n > 5, the
improvement in prediction accuracy from increasing the ensemble
6 0.004 size is not significant. In contrast, more Gaussian models will bring
= more computational pressure. In our method, the number of Gaus-
v sian distributions is set to 5.
0.002 - Model training length. The dynamics model is trained with dif-
— Bagging ferent lengths L of rollouts, and the accuracy of the predictions is
—— XGB compared. Fig. 7(b) shows the error between the prediction and
—~ MGN ground truth dynamics by implementing 200 steps in the model.
0.000 We found that increasing L improves the accuracy of the predic-
tions, as more training targets can be obtained, and the hidden
0 50 100 150 200

rollout length

Fig. 6. Aggregation methods of the dynamics model.

a trade-off between bias and variance because of the adaptive
weights parameterized by the neural networks.

5.3. Design evaluation

We next make comparison and ablation experiments on our
method to investigate the factors affecting the performance of
the algorithm.

5.3.1. Hyperparameters

Experiments on the hyperparameters of the dynamics model
are implemented as follows.

Size of the ensemble. To investigate its ability to approximate
dynamics, we compare the prediction errors of multiple Mixture
Gaussian Networks with different numbers n of Gaussian distribu-
tions. The networks are trained in the same environment with

states of LSTM can learn more historical information from longer
trajectories. During one-step training, the prediction error for
longer steps increases sharply. When L > 10, the error of each step
is controlled in a small range, effectively suppressing the impact of
accumulated error. However, an excessive L does not help much to
improve the prediction accuracy, and it brings a computational
burden. We set L = 10 in the experiments.

Experiments on the hyperparameters of policy optimization are
implemented as follows.

Horizons. One of the important parameters in MBDPG is the
planning horizon H. Fig. 8(a) shows the performance of MBDPG
with different imagination horizons in the BipedalWalker-v3 envi-
ronment. Increasing H speeds up the convergence while H < 20, as
it allows more sufficient exploration in the state space, which gives
more informative policy gradient. Meanwhile, more precise value
estimations can be obtained with a longer planning horizon. How-
ever, when H > 50, the error of the learned dynamics model will
offset or even negate the benefit of more exploration. Moreover,
the gradient backpropagation through an excessive horizon would
consume unnecessary computation. We find that our algorithm
still works when H = 200, benefiting from the value function,
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Fig. 7. Learing curves with different hyperparameters of dynamics model. The solid line indicates the mean of five experiments and the shaded regions indicate the standard

deviation.
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Fig. 8. Learing curves with different hyperparameters of policy optimization. The solid line indicates the mean of five experiments and the shaded regions indicate the

standard deviation.

although the performance is worse than for shorter values. The
value function contains long-term returns outside the horizon.
The upcoming predicted rewards and the value function depend
on the predicted state, so an accurate model over a long horizon
is critical. On the other hand, increasing the horizon improves
the sampling efficiency, as more simulation samples can be
obtained from the model. In our experiments, H = 20 is an appro-
priate value.

Update frequency of the target networks. The update fre-
quency C is a crucial factor. In our experiments, the critic networks
are updated in each iteration, and the target networks are only
updated after C iterations. The result in Fig. 8(b) shows that the
convergence of the policy is not robust when C = 1, because updat-
ing the target network and the critic model simultaneously leads to
unstable learning objectives. When C > 5, increasing C hurts pol-
icy learning, as updating the target network too late makes it inac-
curate in the current state space. In our experiments, we set C =3
to obtain a stable and accurate target value.

5.3.2. Ablation experiments

The following will discuss a series of ablation experiments in
the BipedalWalker-v3 environment to verify the role of each com-
ponent in our algorithm.

Mixture Gaussian Network. To prove its effectiveness, we com-
pare our Mixture Gaussian Network to a deep neural network with
three fully connected layers. The hidden size of each layer is 256.
The results in Fig. 9(a) show that removing the Mixture Gaussian
Network module significantly reduces the multi-step prediction
performance of learned dynamics. The prediction errors of the
deep neural network increase dramatically with the length of roll-
out in the model, even after training the network for multi-step
prediction. Fully connected layers have difficulty capturing the
aleatoric uncertainty and the epistemic uncertainty in the system.
In contrast, the prediction errors of the Mixture Gaussian Network
can still be controlled in a reasonable range when H = 200, which
guarantees the robustness of planning in the learned model.

Successful experience. We test the performance of the algo-
rithm with and without demonstrations and show the result in
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Fig. 9(b). The algorithm performance is severely declined in the
early stage of training without the guidance of expert data, proving
the importance of successful experience on policy learning.

Terminal value. The standard MBDPG and the version without
the terminal value expansion are compared under the same set-
tings. Without using the terminal Q value, the performance of
the algorithm is severely degraded, and the agent ignores the tem-
poral backup from the future value function and only takes advan-
tage of the reward sequence. As a result, the agent struggles with
the local optima dilemma. Fig. 9(c) shows that terminal value
expansion indeed contributes to long-horizon planning and tasks
with delayed rewards.

Model. Ablating the model, which yields the model-free version
of the current algorithm, severely slows the convergence in Fig. 9
(d). Using the same number of environment samples, the learned
dynamics model increases the richness of the training samples
with imaginary data compared to the model-free version, even if
there are errors in the model. In addition, the data generated by
the model prevents overfitting. The time efficiency does improve
when using only the environment data, but the algorithm would
not be able to match the sample efficiency requirements.

6. Conclusions

In this work, we present the model-based deterministic policy
gradient, MBDPG, a model-based policy optimization method that
exploits the gradient information of multi-step simulation in the
learned dynamics to optimize a deterministic policy. Our algorithm
demonstrates significantly higher sampling efficiency than SOTA
MFRL methods. To ensure the accuracy of long-term prediction, a
Mixture Gaussian Network equipped with a recurrent module is
built to approximate the dynamics model. Second, this work incor-
porates guidance from successful experience. Third, we roll out
multi-step simulation in the learned dynamics model and back-
propagate the trajectory gradient in an end-to-end manner
through the differentiable dynamics model. A clipped value expan-
sion is used to learn an accurate and stable critic model. Experi-
mental results demonstrate that our MBDPG method achieves
faster convergence than SOTA MBRL methods, especially for tasks
with large action spaces. Future research will be directed to extend
the state representation to high-dimensional visual information. It
would be enticing to apply the algorithm to a real environment,
such as robotics, unmanned vehicles, video games, and multi-
agent games. In addition, we aim to develop our algorithm to
improve the performance of Mixture Gaussian Network by inte-
grating the latest aggregation methods, such as the attention
mechanism.
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