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ABSTRACT

Reinforcement Learning enables to train an agent via inter-
action with the environment. However, in the majority of
real-world scenarios, the extrinsic feedback is sparse or not
sufficient; thus, intrinsic reward formulations are needed to
successfully train the agent. Our aim is to develop means
for the better incorporation of state- and/or action-dependent
information into existing intrinsic reward formulations with
the attention mechanism. We propose new methods, such as
Attention-aided Advantage Actor-Critic, an extension of the
Actor-Critic framework. Second, a curiosity-based approach
- Intrinsic Curiosity Module - is extended. The proposed
model utilizes attention to emphasize features for the dynamic
models within Intrinsic Curiosity Module; moreover, we also
modify the loss function, resulting in a new curiosity formula-
tion, which we call rational curiosity (RCM). The correspond-
ing implementation can be found at https://github.
com/rpatrik96/AttA2C/.

Index Terms— Reinforcement Learning, curiosity, ex-
ploration, attention

1. INTRODUCTION

Reinforcement Learning (RL) agents are generally trained
based on the feedback, i.e., using rewards collected from the
environment. However, the environment is not guaranteed to
have an inner dynamics that rewards the agent in a way that
corresponds with its goals. Thus, only having an extrinsic in-
centive may be impractical. Furthermore, rewards are in most
real-life scenarios sparse, so it is more difficult for the agent
to assign credit to useful actions and omit disadvantageous
ones.

To mitigate the above-mentioned problems, several meth-
ods were developed to supplement the objective function of
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an RL agent. The contribution of this paper concerns the ex-
tension of existing methods for intrinsic reward formulation
to better incorporate state-/action-dependent information. Be-
fore reviewing our work in detail, let us summarize the main
contributions in this field. In model-based RL, the World
model architecture [1] is one answer for challenges mentioned
above. On the other hand, curiosity-based methods modify
the loss function (or even the network architecture) by adding
terms to incentivize exploration. The Intrinsic Curiosity Mod-
ule (ICM) module of [2] is a major contribution, which will
be used extensively in this work to build upon. ICM intro-
duces inner dynamics (forward and inverse) to quantify the
prediction error of the next state and action, which is utilized
as an intrinsic reward - a more extensive study can be found
in [3]. Another promising work in this field is the notion of
disagreement, which is an ensemble-based curiosity formula-
tion [4].

2. ATTENTION-BASED CURIOSITY

In this section, we combine curiosity-driven exploration and
attention [5] to develop new, adaptive means for intrinsic re-
wards.

2.1. Attention-aided Advantage Actor-Critic (AttA2C)

RL agents often include some variant of Actor-Critic network,
which has two components: the actor predicts action proba-
bilities, while the critic provides an estimate about how good
the state is.

We conjecture that separating the feature space into two
parts can be advantageous (inspired by the Generative Adver-
sarial Network (GAN)[6]-Actor-Critic correspondence [7]),
as different features may be useful for the actor and for the
critic. The proposed architecture aims to overcome this by
utilizing attention. As shown in Figure 1, the input from
the environment is fed through separate attention layers, thus
both heads can put emphasis onto the most important parts
of the latent process, which is formulated as follows: a; =
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Fig. 1: The AttA2C architecture

Actor (Attention, (¢ (s¢))) for the actor and A (s, a¢) =
Critic (Attentiona (¢ (s¢))) for the critic, where ¢ is the
feature transform of the input. Subscripts denote that two sep-
arate attention layers are used to predict the policy 7 and the
advantage function A.

2.2. Feature- and action selective ICM

Being able to separate the most useful features cannot only
be advantageous for the Actor-Critic network, but also for the
curiosity formulation. To do that, attention is applied onto the
concatenation of the inputs of the forward and inverse mod-
els (denoted by the fwd and inv subscripts, respectively),
ie. ¢ = Forward (Attentionppa ([6(si),as])) and
a; = Inverse (Attentionin, ([¢ (st),a¢])), where * stands
for predicted values. The equations above describe the single
attention case, but we also experimented with double atten-
tion, in which we swapped the order of concatenation and
attention to separate the weighting between the two domains.

2.3. Rational Curiosity Module (RCM)

The curiosity-driven exploration strategies - such as that of
[2] and [4]- are based on the assumption that enforcing
curiosity-driven exploration is a good choice for every state
and action, even though this is not true in every scenario, e.g.
consider the noisy TV experiment of [3].

To mitigate the above case, an attention network [5]
is used on the forward loss function of the ICM mod-
ule [2]. The new forward loss term is illustrated in Fig-
ure 2, where the round-headed arrow denotes that ¢ (s;y1)
is used as the control term in the attention layer. Thus, the
loss function is modified in the following manner J,..,, =
Jasc + BAttn (J pwd, ¢ (si+1)) + (1 — B) Jiny, where RCM
is the term for the new model, J 45¢ is the objective function
for the Advantage Actor-Critic (A2C) network, Jt,,q for the
forward and J;,, for the inverse dynamics, weighted with a
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Fig. 2: Forward loss formulation of the RCM agent
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Agent Mean normalized reward Std. dev.

Baseline 92.33 4.98
AttA2C 88.01 13.36
ICMy« st 94.88 4.46
IC Moy ast 92.17 5.68
RCM 95.31 6.48

Table 1: Comparison of the agents’ normalized mean perfor-
mance (higher is better)

scalar 8. We hypothesize that this formulation can help to
utilize curiosity only in situations where the agent can benefit
from that on the long run, but omits curiosity otherwise.

2.4. Implementation

The proposed methods are implemented in PyTorch [8], the
agents are based on the implementation of [2]. Five con-
figurations were implemented: AttA2C, single- and double-
attention ICM and RCM, and the traditional ICM agent is
used as a baseline [2].

For test purposes, the Atari environments of the Ope-
nAl Gym [9] are used via the Stable-baselines [10] package.
Three environments were chosen, i.e. Breakout, Pong and
Seaquest (as in [4]). All agents were trained on 4 environ-
ments in a parallel manner for 2,500,000 rollouts with 5 steps
each, using 4 stacked frames.

3. RESULTS

We monitored two metrics to compare performance and gen-
eralization: mean reward for the former, and mean standard
deviation of the features for the latter. Due to lack of space,
only numerical results for are shown here (figures are avail-
able on GitHub).

To be able to provide a concise summary of the agents’
performance in all environments, we normalized the high-
est rewards of each agent, with 100 denoting the best perfor-
mance. This way, we were able to compare the mean perfor-
mances, summarized in Table 1. As it shows, the RCM agent
performed the best (even in a statistically significant manner),
followed by the single attention ICM.

4. DISCUSSION

This work investigated the paradigm of curiosity-driven ex-
ploration in RL, extended by the attention mechanism. We
proposed three different methods to incorporate attention for
utilizing curiosity in a selective manner. The new models
were tested in the OpenAl Gym environment and have shown
consistent improvement to the baseline models used for com-
parison.
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