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For model-based reinforcement learning (MBRL), one of the key challenges is modeling error, which crip-
ples the effectiveness of model planning and causes poor robustness during training. In this paper, we
propose a bi-level Erlang Planning Network (EPN) architecture, which is composed of an upper-level
agent and several multi-scale parallel sub-agents, trained in an iterative way. The proposed method fo-
cuses upon the expansion of representation by environment: a multi-perspective over the world model,
which presents a varied way to represent an agent’s knowledge about the world that alleviates the prob-
lem of falling into local optimal points and enhances robustness during the progress of model planning.
Moreover, our experiments evaluate EPN on a range of continuous-control tasks in MujoCo, the evalua-
tion results show that the proposed framework finds exemplar solutions faster and consistently reaches
the state-of-the-art performance.

© 2022 Elsevier Ltd. All rights reserved.

1. Introduction

Reinforcement learning has been successfully applied to various
applications such as games [1,2], computer vision [3], virtual ma-
chine scheduling [4], etc. Reinforcement learning (RL) algorithms
are most commonly classified into two categories: model-free RL
(MFRL) and model-based RL (MBRL). MFRL directly learns a value
function or a policy with environment, while MBRL learns a world
model to facilitate learning complex behaviors. Even though work-
ing well in a few artificial intelligence tasks [5-7], this model-free
reinforcement learning (MFRL) starts to touch its performance lim-
itation in some complex scenarios because (1) too much interac-
tions with environment can lead to low sampling efficiency; (2) it
is hard to be applied in real world, especially when agents have
trouble in interacting with dynamics. On the contrary, by learn-
ing a model of the environment, model-based RL algorithms learn
with significantly lower sample complexity [8], and also provide a
promising direction to overcome these problems.

Normally, model-based reinforcement learning (MBRL) ap-
proaches try to learn a model that predicts future observations
conditioned on actions, which can be used to simulate the real
environment and plan multi-step actions. Especially, the model is
represented by a Markov reward process (MRP) or a Markov deci-
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sion process (MDP), and the sequential decision problem can be
solved by planning, which uses this model to evaluate and se-
lect among possible policies. Given a perfect simulator is avail-
able, tree-based planning methods have enjoyed huge success in
challenging domains, such as Go, Chess, and Shogi. However, in
real-world problems, the dynamics governing the environment are
often complex and unknown. Learning an accurate model of the
real world has proven to be a challenging problem in certain fields
[9], which inevitably brings about modeling errors or model-bias
[8]. The modeling errors cripple the effectiveness of these meth-
ods, resulting in policies that exploit the deficiencies of the models.
Moreover, model-bias will lead to the accumulating errors, which
may compound during the planning and inevitably decrease the
performance of planning. Clearly,the approach of model-based re-
inforcement learning can be improved by reducing this error, but
unfortunately, this error cannot be completely eliminated, so policy
learning has to deal with inaccurate environmental models. Indeed,
the ultimate goal of model-based reinforcement learning is to ob-
tain good policies. Therefore, it is worth investigating that how to
obtain good policies by using models with bias.

In this paper, we take an internal multi-perspective approach to
reduce the impact of model errors on policy decisions and thus im-
prove the final performance effects of model-based reinforcement
learning. The same environmental model can be abstracted as dif-
ferent MDPs, or different algorithms can be used to learn policies,
or both, and in any case, the impact on decisions caused by biases
in the model will differ. By fusing the different decisions given by
these differentiated policies, the impact of errors on the final de-
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cision can be reduced. In detail, we present a bi-level model plan-
ning algorithm for MBRL in a parametric latent model, which bases
on a long-term latent state prediction architecture recurrent state-
space model (RSSM [10]). The Erlang Planning Network (EPN) ar-
chitecture is composed of several multi-perspective parallel sub-
agents and an upper-level agent. At every latent state, sub-agents
apply the learned model to train and produce a policy distribution
for the current state, which temporally extends courses of repeti-
tion action over a multi-perspective way. Moreover, its only goal
is to provide independently various perspectives and rich knowl-
edge about the world but does not change the definition of original
MDP. Besides, the multi-perspective policy guidance from various
sub-agents is considered by the upper-level agent, in order to exe-
cute the eventual action. Specifically, to solve long-horizon behav-
iors on latent imagination by fixed scale action repeat, we present
EPN based on the state-of-the-art MBRL algorithm [11] which con-
tains multiple multi-perspective sub-agents, instead of one.

A world model could be applied to multiple agents to maxi-
mize the cumulative reward for some continuous tasks. The multi-
perspective actor is prone to local dilemmas and can be learned
from rich action repetition scales to a better comprehension of
the world model. We also focus upon the expansion of representa-
tion by environment: multiple scales views over the world model
of sub-agents to assist planning. The sub-agents policy can be as-
sociated with the hidden state as a state information extension.
Thus, we train the upper-level agent to plan knowledge obtained
from multiple sub-agents and then perform the eventual action
for the latent state in the real environment. Especially, the EPN is
trained in an iterative way between two steps. First, using the cur-
rent policy, data is gathered from interaction with the environment
and then used to learn the latent dynamics model. Second, the
policy is improved with imagined data generated by the learned
model. We applied the policy repetition sub-agents individually to
generally control tasks from pixels inputs, which reaches perfor-
mance close to and sometimes higher than methods without rep-
etition. The results show that EPN significantly outperforms pre-
vious model-based algorithms with much better robustness, finds
exemplar solutions faster and reaches state-of-the-art performance
consistently.

2. Related work

Model-based RL (MBRL) uses interactions with the environment
to learn a model of it. Building an accurate observation predic-
tion model is often very challenging when the observation space is
large [12,13] (e.g., high-dimensional pixel-level image frames), and
even more difficult when the environment is stochastic. Therefore,
minimizing its harmful effects on planning is a promising direction
for model-based RL. Normally, model-based reinforcement learn-
ing can be subdivided into two principal categories: modelling an
abstract Markov Decision Process (MDP) model in an end-to-end
way, and constructing a concrete state transition model and then
planning in it. While the end-to-end method constructs a value
function that estimates cumulative reward on different prediction
tasks [1,14], which is a lack of interpretability. Unlike the second
MBRL method, this learned abstract model can’t represent the un-
certainty of the dynamic model and doesn’t offer an explicit way
to represent an agent’s knowledge about the world, because the
internal state has no semantics of environment state attached to
it, which is simple to hidden state of the overall model. Besides,
it is difficult to be applied in a continuous state space because it
only focuses on the value function.

The separation between model learning and planning can over-
come the above problems, but faces the challenges of model-bias
and compounding modeling errors during planning, as the agent
is not able to optimize its model for effective planning. An ideal
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model requires that the realistic dynamic environment can be re-
constructed as accuracy as possible, by reducing model bias, which
improves the planning performance. Prior works [15-17] focus on
learning local-linear models, or learning latent dynamics in a two-
stage process to evolve linear controllers in imagination without
probabilistic dynamics model to express model uncertainty [18].
PETS [19] builds probabilistic ensemble transition models, which
improves the robustness of decisions by integrating the results of
different transition models, but requires to define rewards manu-
ally for various tasks. RSSM [10] learns the environment dynam-
ics from images using a partially stochastic sequential latent vari-
able model that applies both deterministic and stochastic models,
and accurately predicts the rewards ahead for multiple time steps.
Thus, recent work has shown promising in learning the dynam-
ics of simple low-dimensional environments [20-22]. A common
method focuses on directly modelling the observation stream at
the pixel level. Kaiser et al. [20] describes Simulated Policy Learn-
ing (SimPLe), a complete MBRL algorithm based on video predic-
tion models. Effective as it is to mitigate the problems of com-
pounding error, SimPLe is not computationally tractable in large-
scale problems, which may not be available in practice. Other
methods [23-25] have implemented their work in a real environ-
ment and solved some simple tasks, while we focus on the Mu-
JoCo simulated environment. In high-dimensional environments,
by learning a latent space rather than directly modelling the ob-
servation stream at the pixel level, an effective approach provides
a much more compact state representation and enables fast plan-
ning.

When in high-dimensional environments, we would like to
learn the dynamics in a compact latent space to enable fast plan-
ning, and on the other hand, we hope to construct a model that fa-
cilitates effective planning in visually complex domains such as the
set of MuJoCo continuous-control tasks. To choose actions through
fast online model planning, these recent advances have led to a
great deal of excitement in the field of building a latent state-
space model.The traditional planning method [15,26] has presented
some advantages such as implementation simplicity, lower com-
putational burden (no gradients) and no requirement to specify
the task-horizon in advance, agents with policy gradient can learn
it and have some estimation of the rewards beyond the planning
horizon. 12A [27] hands imagined trajectories to a model-free pol-
icy, and SOLAR [25] solves robotic tasks via guided policy search in
latent space. However, their algorithms deal with the visual com-
plexity of the real world and solve tasks with a a simple gripper,
rather than simulated environments.

Although the following work of PlaNet [10], Dreamer [11] uses
actor-critic architecture as the analytic gradient to learn long-
horizon behaviors for visual control purely by latent imagination,
and obtains experimental results at the same level with model-free
methods. For example, [28] builds a latent state-space model that
is sufficient to predict its future latent states, however, it still fo-
cused on the majority of the model capacity on potentially irrele-
vant detail. The PlaNet [10] interprets the pixels of a state to learn
a predictive model of an environment. While [11] solves long-
horizon tasks from images purely by latent imagination and learns
behaviors by propagating analytic gradients of learned state values
back through trajectories imagined in the compact state space of
a learned world model. Besides, [29] uses discrete representations
and is trained separately from the policy. Even though these meth-
ods given above have arrived mean scores of the multi-round tests
stabilized at a high level, the large variance of these test scores in-
dicates that the robustness of planning in the world model with
conventional CEM may be poor. Therefore, we learn a latent state
with internal multi-perspectives way which avoids falling into the
local optimal point and enhances the robustness during the plan-
ning.
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What's more, Hierarchical reinforcement learning gives inspi-
ration to fuse different multi-perspective agents (an upper-level
agent and several multi-scale parallel sub-agents) in structural
form. Sutton et al. [30] provides an in-depth explanation and dis-
cussion of Semi-Markov, using the word options to represent a set
of meaningful actions corresponding to a certain scene.However,
the sub-goals of the algorithm are artificially divided in advance. In
order to realize the automatic division of sub-goals, the hierarchi-
cal structure is used to realize the automatic division of states [31-
33]. Similarly, EPN uses a hierarchical structure to aggregate differ-
ent sub-policies. The difference is that hierarchical reinforcement
learning only chooses the different opinions of each sub-agents,
while EPN gives new decisions with reference to the decisions of
the sub-agents.

3. Preliminaries and notation

Before describing our proposed algorithm Erlang Planning Net-
work (EPN), it is necessary to first formally define the problem of
reinforcement learning based on Markov decision processes. More-
over, EPN contains some basic algorithmic modules, mainly includ-
ing trajectory imagination, World Model and Actor-Critic. Their ba-
sic implementations are the cornerstones of the EPN core improve-
ment, so it is necessary to give a primary definition and a short
introduction.

3.1. Model-based reinforcement learning

To provide a mathematical framework for our algorithm,
Markov decision processes (MDPs) can be defined by the tuple
(S, A, p, 1,00, Y, h). S denotes the state space, A denotes the ac-
tion space. And p denotes the transition function p(s'ls,a): S x
A — 8. r denotes the reward function p(r|s): S — R. Moreover, pg
represents the initial state distribution, and y is the discount fac-
tor.

In a Markov decision process, a reinforcement learning agent
seeks to learn a policy to optimize accumulated incentives by ex-
ploring. The dynamic process of the MDP is that beginning state
Sp € S is initialized according to distribution pg, the agent chooses
an action ag € A, then the agent gets reward R(sg,ag) given by
the environment, and the MDP randomly transits to some suc-
cessor state s; ~ P(s/|s, a). The above process iterates until it en-
counters a terminal state sy, or no end. The goal is to choose
actions over time to maximize the expected cumulative reward

J(@) = Esinn [ZL ytr], which makes agent prefer immediate re-

wards and consider future reward.

3.2. Trajectory imagination

In the bi-level planning, lower-level agents and upper-level
agent learn to plan with trajectory imagination. Normally, t is used
to represent time step of observation or state transition in the real
environment. Besides, T denotes the time step of state transition in
the imagine environment built by the world model. When a plan-
ning agent gets the current state s; encoded by the encoder from
observations and actions before, we write s; down as s; and regard
s¢ as the beginning of the trajectory imagination. Endless or too
long-term imagination will lose the reference to make decisions in
the present state because of the model-bias and environmental un-
certainty. Therefore, there is a imagination horizon H to limit the
T as

T e [t,t +H]

Planning agents use the current policy 7w to make a decision a;
whose form is a distribution, and randomly select the determined
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action to be performed according to this action distribution. Then
the transition function of world model predicts the next state s
where t is updated as t + 1. These two processes alternate un-
til the end of the imagination. Therefore, a sequence of trajectory
imagination can be represented as

(5. ap) )i

In order to sufficiently explore the state space S, the agents can
imagine multiple groups simultaneously. Whenever the trajectory
imagination is terminated, the planning agents will be updated
through the rewards of states from trajectory imagination and then
provide the actions a; for the current state s;.

3.3. World model

Considering that the trajectory sampling of the planning pro-
cess requires accurate long-term prediction in the latent state
space, this paper takes recurrent state-space model (RSSM, [10]) as
the transition model. The deterministic transition model, such as
the recurrent neural network, has poor multi-step prediction ac-
curacy, making it easy for the planner to exploit inaccuracies. The
stochastic transition model like the state-space model has difficulty
inheriting information left over from multiple time steps. RSSM
can steadily learn to predict multi-step states by dividing the states
into stochastic and deterministic components. Concretely, RSSM is
composed of the following modules:

Deterministic state model: ~ h; = f(he_1,8¢1,0r1)
st~ p(se | he)
0 ~p(oc | he,se)

e~ p(re | he,se)

Stochastic state model:
Observation model:

Reward model:

where f(h;_1,S¢_1,a;_1) is implemented as a Gated Recurrent Unit
(GRU). Briefly, the model is to partition the state into a stochastic
part s; and a deterministic part h;, which depend on the stochastic
and deterministic parts of the previous time step via GRU, respec-
tively. RSSM applies a parameterization of the approximate state
posterior using an encoder. To avoid deterministic shortcuts from
the input to the reconstruction, all information from the observa-
tions must be processed through the sampling step of the encoder.
Using the encoder and reward model, two variational bounds are
constructed on the data log-likelihood. The losses £(o01.7 | a;.7) for
predicting the observations and the reward losses £(ry.1 | a;.7) can
be written as Formula (1) and Formula (2), respectively.

L(01:7 | a1:1) =Eq(s,jo-r.a.0)[10g P(0¢ | 5t)]
— D (q(St | 0<t, a<t)p(St | Se—1. Ar-1)) ()

L(rir | arr) :Eq(st\og,ad)[l()gp(rt [ s0)]
— Dy (q(se | 0<¢, ace)p(Se | Se—1, Ae-1)) (2)

3.4. Actor-Critic

MBRL methods focus on finding a value function that is con-
sistent with a separately learned model. Therefore, EPN employs
an actor-critic method [11] as a base form for implementing plan-
ning agents that can use the rewards imagined in the trajectory
with a fixed horizon H to learn, while considering the expected
rewards of states beyond the horizon H. The action model and
value model of the actor-critic can be expressed as Formula (3) and
Formula (4).

Action model: a; ~ qg(ar | s¢) (3)
t+H

Value model: vy (s¢) ~ Eqeis) | Dy 1 (4)

T=t
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Fig. 1. Diagram of the Erlang Planning Network architecture.

¢ denotes the parameters of the action model. ¥ denotes
the parameters of the value model. ¢ indicates the current mo-
ment, while 7 represents each moment point of the given state in
the trajectory imagination. And y is a discount factor. The action
model gives a set of policies in the trajectory imagination based
on the states given by the world model. The value model estimates
the expected rewards of the action model from a state. To achieve
the learning goal, the update target of the value function is esti-
mated by the following Formula (5) [11], which can balance high
variance and high bias in the value estimation.

H-1
Vi(s0) = ATV (so) + (1= 2) Y ATV (s0) (5)

n=1

where h denotes min(t +k,t + H) and V’fq(sr) is defined as For-
mula (6).
h-1
quv% Zynif
n=t

M+ "y (sh) |- (6)

4. Methodology

Erlang Planning Network (EPN) follows the world model de-
scribed in the previous section and makes great improvements by
using multiple perspectives on the policy learning. So this sec-
tion will first show the architecture of EPN, and then focus on the
acquisition and synthesis of multiple perspectives in details.

4.1. Architecture

The architecture of the Erlang Planning Network (EPN) is shown
in Fig. 1, which consists of three main components: a world model,
a set of lower-level planning agents, and an upper-level planning
agent. The learning process of EPN is iterative with two alternating
processes: model updating and sampling. Among them, the model
updating can be further divided into three stages based on the
three main components of EPN. The world model uses samples
from data set D to learn a representation from a observation of

the environment to a hidden state, which can be simply expressed
as O — S. The state transition model is then updated iteratively
by a recurrent process that receives the previous hidden state and
hypothetical next actions S x A — S in a low-dimensional latent
space, and to create a mapping S — R of each latent state to its
corresponding reward. Then the lower-level agents use the en-
coded latent state and transition model to imagine trajectories and
estimate the rewards of these trajectories with the reward model
to update the lower-level agents themselves. Update of upper-level
agent looks similar to that of each lower-level agent. The difference
is that the policy update of the upper-level agent need to consider
the advice of lower-level agents. After the three components have
been updated in turn, the algorithm samples data in the real envi-
ronment and collects the samples into the data set D for the world
model to learn in the next round. With the architecture designed
as above, the major goal of EPN is to use the multi-perspective
knowledge provided by the sub-agents to decrease the impact of
errors on planning.

4.2. Policy learning

In this section, we present the policy learning of bi-level plan-
ning in two parts: lower and upper levels. And a novel policy
learning framework is proposed for each of the two parts.

4.2.1. Lower-level agents

In the world model of EPN, the state transition has a fixed
timescale t;. t; denotes the execution time of a lower-level plan-
ning agent’s decision, which is i times t;. And I is specified as the
set of all i. As shown in Fig. 2, the t; of the agent in Fig. 2(a) is
equal to t;, while the one in Fig. 2(b) is twice as large as t;. When-
ever an action ar ~ ¢4 (dr | S¢) is derived from the current state sz,
the agent’s actor with t; will ignore the states given by the transi-
tion model i — 1 times and enforce the action i times. Therefore,
the action model of a sub-agent can be expressed as Formula (7),
and the value model follows the one described above 4.

{ar ~ g (ar |s7) i] (T =1t)/t) (7)

ar = 0;_q otherwise
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Fig. 2. Diagram of trajectory imagination in latent state space. Both (a) and (b) present the trajectory imaginations of the sub-agents. The action repeat of the sub-agent in
(a) is one, while in (b) it is two. Figure (c) shows that upper-level planning agent to image a trajectory by referring to decisions of sub-agents. Obviously, the upper-level
agent only considers the sub-agents’ actions, does not refer to the time scales of these actions.

Formula (7) can be abbreviated as a; ~ 4y, (ar | sz, a7_1).
Therefore, the action model and value model of a sub-agent with
parameter i can be written as Formula (8) and (9), respectively.

Action model: a; ~ qg,(ar | Sz, A1) (8)
t+H

Value model: vy, (st) ~ Eq, (15| Yy 're (9)
T=t

Since the neighboring states in the transition are similar, their dis-
tributions of due actions and values after the policy convergence
are similar too. The above described way of enforcing repetition as
a new way of imposing noise makes the lower level agents to be
multi-perspective. The optimizations of low-level agents are simi-
lar and can be expressed as Formula (10) and Formula (11). In or-
der to ensure that the policy update of each lower-level planning
agent is stable, the world model keeps stationary while the agents
are learning behaviors.

t+H

J(n¢i) = E%-%i ZVA (s7) (10)
=t

t+H

> 5o ~vieso |’ (11)

T=t

J(ﬂt//;) = qu»%i

4.2.2. Upper-level agent

As shown in Fig. 2(c), the decision of upper-level planning agent
is based on both the current state s and the decisions q; of all
lower-level agents in the state s.

Therefore, the optional range of its timescale is limited by the
timescale of world model and the lower-level agents. The time
scale of the upper-level planning agent can be defined as

t. € [ts, mvin(t,‘)] n {w-tS |we N+}. (12)

Considering this, a novel actor critic approach is created where the
input of the actor is defined as the combination of the current state
sz and the decisions {a; ; | i € I} suggested by all lower-level agents
in the current state s;. The upper-level agent’s action model and
value model can be expressed as follows respectively.

Action model: a; ~ qu(ar | S¢,{a;;|iel}) (13)
t+H

Value model: v, (st) ~ Eq, cjs) | D™ "1 (14)
=t

The input of value function is just the current state s;. Be-
cause it is difficult for the value function to effectively extract
information from the decisions {ar‘,v lie I}, and the environment
with these decisions is unstable for the value function, which can
lead to oscillations and even divergences in the update of the value
function. Similar to the principle of policies update for lower-level
planning agents, both the world model and the sub-agents should
keep stationary to ensure that upper-level planning agent can be
updated steadily. The optimization of upper-level agents is pre-
sented in Formula (15) and Formula (16).

t+H

J(Tw) = Eqpqp.q0 | D Va(Se. faziliel}) (15)
T=t
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t+H

J(me) = Bapqq a0 | D 51V (s0) = Valso) 2 (16)

T=t

Let ®; and W; respectively denote the parameter spaces of the
lower-level agent actor and critic with ¢;. In addition, €2 and K are
used as the parameter spaces of the upper-level planning agent’s
actor and critic. The optimizations of the upper-level planning pol-
icy and the lower-level planning policies form a bi-level optimiza-
tion problem, which can be formally defined as follows.

t+H

maxEq, q,.q. D Vilse{ariliel})
=t

s.t.we Q2
t+H

minEg, g, q, > 5 Ve (57) = Vi (s0)I?
=t

st.k eK

[(t+H

¢, = arg m¢axEQGVQ¢i D Vilso)
! T=t

s.t. d)i e d;
[t+H
Yi = argminEq, g, | 3 5 [1vy,(50) = V(s
! T=t
s.t. ’(p,' € \IJ,'

4.3. Convergence proof for upper-level planning

Theorem 1 (Contraction mapping theorem). Let X be a complete
metric space, and F : X — X be a contraction. Then F has a unique
fixed point, and under the action of iterates of F : X — X, all points
converge with exponential speed to it.

Proof. Let V denote the value vector space of a planning agent,
then a value vector v € V can be defined as Formula (17).

V(Sl)
v(s2)

<
Il

(17)

V(Sn)
We define the metric of the value vector space as infinite norm

in Formula (18).

d(vq,vz) =T£1§X|U1(5)—V2(5)|,VV1,V2 eV (18)

Obviously, < V,d > is a complete metric space, then the Bell-
man Equation of a value vector iteration can be written as Formula
(19).

V=F"(V)=R" +yP"v (19)

In Formula (19), v and Vv’ denote the value vectors before and after
one update, respectively. And P7 is the state transition matrix, and
R” is a fixed reward vector.
d(T™(v1), T" (v2)) = [(R" + yP"v1) = (R" + Yy P V)|,

= [lyP" (V1 —V2) |l

< lyPTIvi = V2l ll o

<Y lvi = V2|l = yd(vq,V32) (20)

According to Formula (20), the E; (v) is a contracting mapping.

Based on contracting mapping Theorem 1, the value vector itera-
tion converges uniquely at a linear rate y to v*.
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In EPN, the lower-level agents 7r; can converge, when the world
model < Py, Ry > has converged. And it can be expressed as For-
mula (21).

VT//I =Ry + )/,-Pgnq’fvj;,i (21)

According to (13), the upper-level agent can converge, when the
world model < Py, Ry > and all lower-level agents have all con-
verged. And the convergence can be expressed as Formula (22).

Vi =Rp™ 4+ yPy™Vy (22)
O

4.4. Algorithm summary

The algorithm of our MBRL approach EPN can be summarized
as Algorithm 1. It uses a latent model to imagine trajectories,

Algorithm 1 Erlang Planning Network.
World Model:

Hyper-parameters:

Representation pg (st | S¢_1,0;_1,0t) Seed episodes S
Transition Qo (St | St—1, A1) Time scales 1
Reward Qo (1e | s¢) Collect interval C
Action Pool Gy, (aci | sc) |iel} Batch size B
Value Pool Uy, (St) liel } Sequence length L
Action dw(ar | st, {a; | i € I})Imagination horizon H
Value Vie (St) Training repeat G

1: Initialize dataset D with S random seed episodes.

2: Initialize parameters 6, {¢;}, {{;}, @, k of neural networks ran-
domly.

3: while not converged do

4 for update step c =1.C do

5: Draw B data sequences {(at, o, rt)}fi,f ~D

6: Compute model states s; ~ py (St | S¢_1, ar_1, 0¢)

7 Update 6 using representation learning.

8 for update step g=1.G do

9 for time scale i in I do

' . . . t+H
10: Imagine trajectories {(sz,a; )}, ",
11: Predict rewards E(qg (7 | sz)) and values Vy, (St)
12: Update ¢; and v;
13 end for
14: end for
15: Imagine trajectories {(sr, a,)}tj:’f with ge(ar | sz, {ag; |
iel})
16: Predict reward E(qy (7 | S¢)) and value v, (S¢)
17: Update w,
18:  end for
19: 07 < env.reset()
20:  for time step t = 1.T do
21 Compute s ~ pg (St|St—1. a1, 0¢) and a ~qe (ac|se, {a; ;})
22: Add experience noise to action.
23: It,0p41 < env.step(ar)
24 Extend dataset D < D | {(ot, a, rt)tT:1}

25:  end for
26: end while

lower-level agents to extract auxiliary information, and upper-level
agents to interact with the real environment. To avoid harm in the
process of using auxiliary information, a new actor-critic approach
is constructed.

5. Experiments

In this section, we evaluate the performance of our proposed
bi-level planning algorithm called EPN using parallel multiscale
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agent. First, we provide a detailed evaluation of the individual
multi-perspective sub-agent and analyze their effect on perfor-
mance. Then, we explore how each sub-agent influences the over-
all performance and explain our results in the DeepMind Control
Suite [34]. Finally, we compare our approach on standard bench-
mark tasks against state-of-the-art MBRL approaches. The training
time is from 20 to 60 h (depending on the task and the number of
sub-agents) on a single Nvidia A100-PCIE-40GB GPU.

5.1. Experiment settings

Sub-agents are designed to provide policy from multiple per-
spectives. The different policies are learned in the imagination
from the rewards obtained with a variety of action repetitions.
The multi-perspective of sub-agents and knowledge abstraction of
upper-actor are the key points proposed in this paper. Therefore,
only these two core improvements of EPN are analyzed and com-
pared. First, we experiment with individual agents of multiple per-
spectives to evaluate the impact of various views. Second, we de-
sign the experiment to compare the final algorithm EPN with the
dreamer, which is the state-of-the-art method in the literature.
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Also, we set up the PlaNet as a baseline. To verify the robustness
of the algorithm, we randomly select five environments for testing.
We will publish the source code after the paper is accepted.

We compare the performance of our method on a subset of
tasks with the continuous action space. These control tasks consist
of typical challenges in MBRL, such as a long horizon, sparse re-
ward, etc. In all tasks, the only observations are third-person cam-
era images of size 64 x 64 x 3 pixels. We use the same hyper-
parameters across all tasks. The parameters of RSSM are the same
as dreamer unless specified. To speed up the training, the initial-
ization dataset with S=15 episodes uses random actions to carry
out 500 steps in parallel and the RSSM is also trained in parallel.
The replay buffer size is 1000000, and the batch size for sampling
is 51.

5.2. Multi-perspective analysis

For comparing multi-perspective policy on the continuous con-
trol tasks, we train the sub-agent to enlarge the cumulative
rewards on latent imagination samples, which is generated by
learned word model. The hidden layer size is 200 and the imagi-
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Fig. 3. Results of the experiments on different action time scales. The viewpoint with 1 action scale is the original dreamer algorithm. The rest of different action scales
represents that different actions are performed on the time scale.
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Table 1

Comparison of action selection schemes on the continuous control tasks of the DeepMind Control Suite. The met-
rics used for comparison include episode average score and standard deviation. The EPN algorithm involved in the
comparison has two perspectives, as two perspectives can exhibit optimal performance of EPN. The baselines are the
evolutionary algorithm CEM, the model-free algorithm D4PG, and the well-known A3C agent.

Env Acrobot-swingup Hopper-hop Cartpole-balance Halfcheetah-v2 Ant-v2

A3C 41.9 0.5 951.6 - -

D4PG 91.7 242.0 992.8 - -

PlaNet 10.4+3.1 1.9+0.1 404.8 +81.8 948.0 +50.8 865.2+5.6

Dreamer 72.6 £50.3 172.8 £73.5 947.1+104 1983.6 + 1065 937.7+13.3
EPN2 150.5 +5.7 316.9 +18.9 988.4+3.6 2674.3 +57 1018.8 + 51
CEM 43.62 £4.42 0.40 +0.37 875.54+0.86 1557.33 £ 194 0+0

nation horizon is given as H = 15 for each unique perspective sub-
actor. The learning rates 8 x 10~2 is preset for both actor and value
model models. In contrast to A3C [35,36], the action repetition
scale provides a more varied policy instead of different parameters
trick. Dreamer proposed that the final performance is sensitive to
the control frequency hyper parameter and the parameter is set to
2 works best across tasks. Therefore, in order to verify the robust-
ness and advantage of our algorithm, the control frequency 2 is
adopted in learning the dynamic model.

Fig. 3 shows the result of the multi-perspective actor experi-
ment, which contains the episode reward during the training of
the different action timescales executed in the selected test envi-
ronment. The shadows around the lines show one standard devia-
tion across 2 seeds. The four action perspectives have resulted in
better performance, and notably, multi-perspective actors can re-
duce the multi-time calculation of the action. The above exper-
imental results of Fig. 3 demonstrate that sub-agents have vari-
ous perspectives on the world model at different temporal action

timum, but without excessive performance loss or even higher
return.

The reward function is the final evaluation metric, and the
learning effectiveness of the reward function will have a major im-
pact on the general performance. In the selected environments, as
shown in cartpole-balance and acrobots-swingup, the smaller re-
ward loss value can obtain a better final performance. In the Ant-
v2, Hopper-hop and HalfCheetah-v2 environments, the multi-view
scales were more clearly irregular in the correlation between the
loss of reward function values and the return values. Therefore,
it becomes especially critical to consider the policies at different
scales in an integrated manner.

5.3. Integrating multi-perspective analysis
In the second experiment, we will corroborate the upper-

layer agent can effectively absorb the information of the multi-
perspective views by the sub-agents. The multi-perspective action

repetition of four sub-agents is set to I € {1,2,3,4}. The hidden
layer size upper-level actor network is all (200, 200, 200). The hid-

scales. Multi-perspective analysis, which belongs to sub-agents,
can provide more information to facilitate escaping from local op-
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Fig. 4. Comparison of the curves of the algorithms’ training process. The curves in the figure show the scores of each algorithm with increasing number of environmental
steps. The algorithms involved in the comparison include CEM, Dreamer, PlaNet, and EPN with different numbers of sub-agents.
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den layer architectures of all the actors are the same as the upper-
level actor. The sub-agents are trained individually in a multi-
process asynchronous method with various perspectives. The sub-
actor training repetition parameter G is set to 5. The sub-agents are
only used for inference and not updating when the upper-agents
are trained.

Fig. 4 presents the return of training process. Dreamer, PlaNet,
CEM, and EPN achieve episode returns after the same number of
environment steps. As we can see from the results, EPN achieves
a high score on the randomly selected five tasks. For simpler tasks
like Cartpole-Balance the performance difference between differ-
ent scales is not significant and the fusion between different poli-
cies has a relatively small impact on the final result. For more
difficult tasks, fusing too much redundant information also makes
the final performance degradation, but the performance is mostly
better than the dreamer algorithm that is not fused as shown in
Table 1. The results show that it is more effective to fuse two
scales agent. To show the performance of EPN more intuitively, the
specific scores of EPN and other algorithms are shown in Table 1.
Among the algorithms involved in the comparison, model-free re-
inforcement learning algorithms are added.

From Fig. 4, we can draw the conclusion that with multi-
perspective sub-agent set, our EPN improves its performance fi-
nally in the training maps. This shows the upper actor can extract
more knowledge from the multiple perspectives given by the sub-
agent and the two-level EPN network structure is effectively able
to obtain greater returns. Two interesting things we’d like to men-
tion: (1) At the beginning the episode return of EPN is fewer, be-
cause of the sub-actor contribute to some unreasonable behaviors.
(2) The training repetition hyperparameter G has little effect on the
final performance.

6. Conclusions and future work

To improve the performance of model-based reinforcement
learning, we analyze the bottlenecks in the development of model-
based reinforcement learning and creatively propose the idea of
multi-perspective fusion to reduce the impact of model errors on
policies. To concretize this idea, we propose EPN, a new MBRL
method, in which the concept of multiple perspectives is speci-
fied in the time-scale dimension, and construct a feasible two-tier
planning learning framework for decision fusion based on Actor-
Critic. According to the experimental results, EPN has its obvious
advantage over various current advanced reinforcement learning
algorithms, and this advantage is especially obvious in complex
tasks with large continuous action spaces. It is corroborated that
multiple-perspectives in model-based reinforcement learning has
capability to attenuate the effects of environmental model errors.

More auxiliary information can be used in this framework for
decision making, such as self-supervised multimodal subagent in-
formation. Because of multiple view analysis of sub-agents, we will
take two or three times more computational overhead. Moreover,
in the policy extraction part, we can use a non-learning algorithm
to reduce the computational overhead. We present these investiga-
tions as future work. Further, even more architectures can be de-
signed to validate the idea of multiple perspectives.
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