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Abstract
Efficient exploration for an agent is challenging in reinforce-
ment learning (RL). In this paper, a novel actor-critic frame-
work namely virtual action actor-critic (VAAC), is proposed
to address the challenge of efficient exploration in RL. This
work is inspired by humans’ ability to imagine the potential
outcomes of their actions without actually taking them. In
order to emulate this ability, VAAC introduces a new actor
called virtual actor (VA), alongside the conventional actor-
critic framework. Unlike the conventional actor, the VA takes
the virtual action to anticipate the next state without interact-
ing with the environment. With the virtual policy following
a Gaussian distribution, the VA is trained to maximize the
anticipated novelty of the subsequent state resulting from a
virtual action. If any next state resulting from available ac-
tions does not exhibit high anticipated novelty, training the
VA leads to an increase in the virtual policy entropy. Hence,
high virtual policy entropy represents that there is no room for
exploration. The proposed VAAC aims to maximize a modi-
fied Q function, which combines cumulative rewards and the
negative sum of virtual policy entropy. Experimental results
show that the VAAC improves the exploration performance
compared to existing algorithms.

Introduction
Reinforcement learning (RL) enables an agent to maximize
the expected reward. When state-action dimension is high or
the reward is sparse, it is hard for the agent to determine the
action maximizing the expected reward. For the high perfor-
mance of the agent, it is crucial to explore various situations.
To address this issue, many RL algorithms have employed
diverse methods such as incorporating policy entropy into
the training objective to encourage more uniform action se-
lection or employing intrinsic rewards that are the bonuses
assigned to unfamiliar states. A straightforward solution for
better exploration is to assign higher intrinsic rewards to the
unfamiliar states than to the frequently visited ones. In or-
der to maximize the reward, including intrinsic rewards, the
policy is trained to guide the agent towards unfamiliar states.
Paradoxically, this explicitly requires prior experience in un-
familiar states. In this paper, we introduce a novel method to
enhance exploration that does not require prior experiences
in unfamiliar states.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Method
Humans often think about the potential outcomes of their ac-
tions and anticipate how different those outcomes might be
from their experience. This study aims to replicate these ca-
pabilities in artificial agents. These capabilities involve pre-
dicting the next state in a given state-action pair and measur-
ing how novel and unfamiliar the predicted state is. In order
to achieve this, we introduce the virtual action actor-critic
(VAAC) framework utilizing the proposed virtual actor (VA)
with the conventional off-policy actor-critic framework and
propose an anticipated novelty reward module (ANRM) to
train VA.

The ANRM utilizes dynamic model p : S × A → S to
predict the next state (Moerland et al. 2023) and the nov-
elty module f : S → R (Burda et al. 2018) to measure
the novelty of states, where S and A are the state space and
the action space. The ANRM can predict the novelty of the
next state in a given state-action pair and it can be repre-
sented by f ◦ p : S × A → R and corresponding novelty
can be expressed as ϕ(s, a). The most important property of
the ANRM is to predict the novelty of next states in a given
state-action pair without agent-environment interaction.

The VA takes virtual action in a given state, aiming to
maximize the novelty that comes from the ANRM. Its pol-
icy (virtual policy) is restricted to a Gaussian distribution as
proposed by (Haarnoja et al. 2018). Hence, the virtual policy
is updated towards the exponential of ϕ as given by

ψnew = argmin
ψ′∈Π

DKL

(
ψ′(·|st)

∥∥∥∥exp
(
ϕ(st, ·)

)
Z(st)

)
(1)

where ψ, Π and Z are the virtual policy, a param-
eterized family of Gaussian distribution and the par-
tition function to normalize the distribution, respec-
tively. Since the KL-divergence in Eq.(1) is equal to
−(Ea∼ψ[ϕ(st, at)] + H(ψ(·|st))), Eq.(1) is converted to
ψnew = argmaxψ′∈Π Eat∼ψ[ϕ(st, at)] +H(ψ(·|st)). If
ϕ(st, at) remains consistent across the different actions, up-
dating virtual policy increases the virtual policy entropy
H(ψ(·|st)) because Eat∼ψ[ϕ(st, at)] does not depend on the
virtual policy ϕ any more. High virtual policy entropy repre-
sents a low potential for exploration because the change of
action in the high H(ψ(·|st)) state does not directly improve
the novelty in the next state.
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Figure 1: Experimental results in Continuous 4-room maze:
(a) Each curve represents the average number of different
state visits with 30 different random seeds. The width of the
shaded area represents one standard deviation (1σ) from the
mean; (b) Visit histogram obtained during 5k, 50k and 500k
steps. The brighter colors indicate higher visit frequencies.

The proposed VAAC aims to maximize the return while
minimizing the sum of virtual policy entropy as given as

J(π) =
T∑
t=0

E(st,at)∼ρπ [r(st, at)−H
(
ψ(·|st)

)
] (2)

where ρπ is the trajectory distribution induced by π. In order
to achieve this, the VAAC utilizes the virtual policy entropy
in the Bellman backup operator T π as given by

T πQ(st, at) ≜ r(st, at) + γEst+1∼p[V (st+1)] (3)
where

V (st) = Eat∼π[Q(st, at)] + Eat∼ψ[logψ(at|st)] (4)
and p are the value function and the transition probability.

In the policy improvement step, we update the policy in
the same way with (Haarnoja et al. 2018) as given by

πnew = argmin
π′∈Π

DKL

(
π′(·|st)

∥∥∥∥exp
(
Qπold(st, ·)

)
Zπold(st)

)
(5)

where Zπold(st) is the partition function to normalize the
distribution.

Experiments
Experimental Setup
We evaluate the performance of the proposed VAAC com-
pared with soft actor-critic (SAC) and random network dis-
tillation (RND), which are the state-of-the-art algorithms for
exploration, in the Continuous 4-room maze and SparseMu-
joco tasks used by (Han and Sung 2021). SparseMujoco is
widely used as difficult tasks and the agent get rewards only
in a certain condition. Continuous 4-room maze consists of
100× 100 size of space with a wall and the agent can move
started from (1, 1). The state is the (x, y) position of the
agent and the action is (dx, dy) bounded by [−1, 1]×[−1, 1].
After 1000 steps, the agent restarts from its initial state. To
better demonstrate the pure exploration performance, Con-
tinuous 4-room maze is employed without any rewards. Due
to the limited space, more detailed setup is presented in the
supplementary file.

VAAC SAC RND
S.HalfCheetah 951.6±2.5 916.3±37.8 266.4±326.2
S.Hopper 894.6±5.2 866.7±14.5 113.2±43.0
S.Walker2d 889.5±11.9 873.6±42.1 6.8±6.0
S.Ant 665.7±78.3 584.3±103.5 670.8±149.9

Table 1: Maximum of average return by VAAC, SAC and
RND in four SparseMujoco tasks after training for 1M steps.

Results
In order to evaluate the pure exploration performance of
VAAC, the training is performed during 500k steps in the
Continuous 4-room maze task. The number of visits is
counted by partitioned 1 × 1 squares every 1000 steps. As
shown in Figure 1, the VAAC visited many more states than
the other methods, which shows the superior pure explo-
ration performance of the VAAC. We also conduct experi-
ments in SparseMujoco tasks where the agent requires much
exploration. Table 1 shows that the VAAC achieves the high-
est max average return performance across almost all tasks.

Discussion
Since the performance of the proposed VAAC depends on
the ANRM and VA, additional studies for the reliability
of these remain as future work. Due to the complexity of
the framework, training VAAC is computationally intensive,
and the convergence is not theoretically guaranteed. Despite
the mentioned limitations, VAAC shows good performance
compared with other methods, especially in tasks where the
agent needs to explore extensively.
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