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ABSTRACT

Exploration under sparse rewards remains a key challenge in deep reinforcement
learning. Recently, studying exploration in procedurally-generated environments
has drawn increasing attention. Existing works generally combine lifelong in-
trinsic rewards and episodic intrinsic rewards to encourage exploration. Though
various lifelong and episodic intrinsic rewards have been proposed, the individual
contributions of the two kinds of intrinsic rewards to improving exploration are
barely investigated. To bridge this gap, we disentangle these two parts and conduct
ablative experiments. We consider lifelong and episodic intrinsic rewards used in
prior works, and compare the performance of all lifelong-episodic combinations
on the commonly used MiniGrid benchmark. Experimental results show that only
using episodic intrinsic rewards can match or surpass prior state-of-the-art methods.
On the other hand, only using lifelong intrinsic rewards hardly makes progress
in exploration. This demonstrates that episodic intrinsic reward is more crucial
than lifelong one in boosting exploration. Moreover, we find through experimental
analysis that the lifelong intrinsic reward does not accurately reflect the novelty of
states, which explains why it does not help much in improving exploration.

1 INTRODUCTION

How to encourage sufficient exploration in environments with sparse rewards is one of the most
actively studied challenges in deep reinforcement learning (RL) (Bellemare et al., 2016; Pathak et al.,
2017; Ostrovski et al., 2017; Burda et al., 2019a;b; Osband et al., 2019; Ecoffet et al., 2019; Badia
et al., 2019). In order to learn exploration behavior that can generalize to similar environments,
recent works (Raileanu & Rocktischel, 2020; Zhang et al., 2020; Campero et al., 2021; Flet-Berliac
et al., 2021; Zha et al., 2021) have paid increasing attention to procedurally-generated grid-like
environments (Chevalier-Boisvert et al., 2018; Kiittler et al., 2020). Among them, approaches based
on intrinsic reward (Raileanu & Rocktdschel, 2020; Zhang et al., 2020) have proven to be quite
effective, which combine lifelong and episodic intrinsic rewards to encourage exploration. The
lifelong intrinsic reward encourages visits to the novel states that are less frequently experienced
in the entire past, while the episodic intrinsic reward encourages the agent to visit states that are
relatively novel within an episode. However, previous works (Raileanu & Rocktischel, 2020; Zhang
et al., 2020) mainly focus on designing lifelong intrinsic reward while considering episodic one
only as a minor complement. The individual contributions of these two kinds of intrinsic rewards
to improving exploration are barely investigated. To bridge this gap, we present in this work a
comprehensive empirical study to reveal their contributions.

Through extensive experiments on the commonly used MiniGrid benchmark (Chevalier-Boisvert et al.,
2018), we ablatively study the effect of lifelong and episodic intrinsic rewards on boosting exploration.
Specifically, we use the lifelong and episodic intrinsic rewards considered in prior works (Pathak
et al., 2017; Burda et al., 2019b; Raileanu & Rocktéschel, 2020; Zhang et al., 2020), and compare
the performance of all lifelong-episodic combinations, in environments with and without extrinsic
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rewards. Surprisingly, we find that only using episodic intrinsic rewards, the trained agent can match
or surpass the performance of the one trained by using other lifelong-episodic combinations, in terms
of the cumulative extrinsic rewards in a sparse reward setting and the number of explored rooms in a
pure exploration setting. In contrast, only using lifelong intrinsic rewards makes little progress in
exploration. Such observations suggest that the episodic intrinsic reward is the more crucial ingredient
of the intrinsic reward for efficient exploration.

Furthermore, we experimentally analyze why lifelong intrinsic reward does not offer much help in
improving exploration. Specifically, we find that randomly permuting the lifelong intrinsic rewards
within a batch does not cause a significant drop in the performance. This demonstrates that the
lifelong intrinsic reward may not accurately reflect the novelty of states, explaining its ineffectiveness.

We also compare the performance of only using episodic intrinsic rewards to other state-of-the-art
methods including RIDE (Raileanu & Rocktischel, 2020), BeBold (Zhang et al., 2020), AGAC (Flet-
Berliac et al., 2021) and RAPID (Zha et al., 2021). We find simply using episodic intrinsic rewards
outperforms the others by large margins.

In summary, our work makes the following contributions:

* We conduct a comprehensive study on the lifelong and episodic intrinsic rewards in explo-
ration and find that the episodic intrinsic reward overlooked by previous works is actually
the more important ingredient for efficient exploration in procedurally-generated gridworld
environments.

* We analyze why lifelong intrinsic reward does not contribute much and find that it is unable
to accurately reflect the novelty of states.

* We show that simply using episodic intrinsic rewards can serve as a very strong baseline
outperforming current state-of-the-art methods by large margins. This finding should inspire
future works on designing and rethinking the intrinsic rewards.

2 BACKGROUND

2.1 NOTATION

We consider a single agent Markov Decision Process (MDP) described by a tuple (S; A;R;P; ). S
denotes the state space and A denotes the action space. At time t the agent observes state Sy 2 S
and takes an action a; 2 A by following a policy :S ¥ A. The environment then yields a reward
signal r¢ according to the reward function R(St; a¢). The next state observation S¢+1 2 S is sampled
according to the transition distribution function P (St+1]jSt; at). The goal of the agent is to learn an
optimal policy  that maximizes the expected cumulative reward:
X
=argmaxE .p tre 60
2 t=0
where  denotes the policy space and 2 [0; 1) is the discount factor.

Following previous curiosity-driven approaches (Pathak et al., 2017; Burda et al., 2019b; Raileanu &
Rocktischel, 2020; Zhang et al., 2020), we consider that at each timestep the agent receives some
intrinsic reward r{ in addition to the extrinsic reward r§. The intrinsic reward is designed to capture
the agent’s curiosity about the states, via quantifying how different the states are compared to those
already visited. r{ can be computed for any transition tuple (St; at; St+1). The agent’s goal then
becomes maximizing the weighted sum of intrinsic and extrinsic rewards, i.e.,

re=ré+ ri )
where is a hyperparameter for balancing the two rewards. We may drop the subscript t to refer to
the corresponding reward as a whole rather than the reward at timestep t.

2.2 TWO PARTS OF THE INTRINSIC REWARD

For procedurally-generated environments, recent works (Raileanu & Rocktischel, 2020; Zhang et al.,
2020) form the intrinsic reward as the multiplication of two parts:

i — ,lifelong episodic,
e =ry e ; 3)
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a lifelong intrinsic reward r'in¢ that gradually discourages visits to states that have been visited
many times across episodes, and an episodic intrinsic reward rePs°d¢ that discourages revisiting the
same states within an episode. r'i*lo"¢ is Jearned and updated throughout the whole training process
and repPisodic jg reset at the beginning of each episode.

However, these recent works (Raileanu & Rocktéschel, 2020; Zhang et al., 2020) mainly focus on
designing better lifelong intrinsic reward while considering the episodic one only as a part of minor
importance. In this work, we find that the episodic intrinsic reward is actually more essential for
encouraging exploration. For experiments and discussions in the following sections, we consider 4
choices of rlifelong and 2 choices of rePisedic yged in prior works, and introduce them below.

ICM Pathak et al. (2017) introduce a lifelong intrinsic reward based on a learned state representation
Temb(S). Such representation ignores the aspects of the environment that have little impact upon the
agent, and is obtained by jointly training a forward and an inverse dynamic model. The learned model

makes a prediction of the next state representation (St+1), and large prediction error implies that

the agent might not explore very well. For a transition tuple (St; at; St+1), Fp oo™ is:

1
r{CM = E kf;mb (St+l) femb (st+l)k2: (4)

RIDE Built upon ICM, Raileanu & Rocktischel (2020) propose a novel intrinsic reward which
encourages the agent to take actions that have a large impact on the state representation. Similarly, they
train inverse and forward dynamic models. The difference is that, for a transition tuple (S¢; a¢; St+1),

lifelong - . .
re "¢ is now computed as the change in state representation:

rtRIDE = kfemb (St) femb (St+l)k2: (5)

RND Burda et al. (2019b) propose to train a state embedding network F(S) to predict the output

of another state embedding network f\(s) with fixed random initialization. The prediction error is

expected to be higher for novel states dissimilar to the ones f(S) has been trained on. Therefore, for

a transition tuple (St; a¢; Se+1), the prediction error is used as ry "

A = kf(See1)  F(See1)ko: (6)

BeBold Built upon RND, Zhang et al. (2020) give a lifelong intrinsic reward that encourages the
agent to explore beyond the boundary of explored regions. Intuitively, if the agent takes a step from
an explored state to an unexplored state, then the RND error of the unexplored state will likely to be

larger than that of the explored state. For a transition tuple (St; a¢; St+1). < "¢ is computed as the
clipped difference of RND prediction error between Sy and S¢+1:
rEPod = max(0; kf(se1)  T(Stri)kz  kF(se)  T(soka): ©)

Episodic visitation count Raileanu & Rocktischel (2020) discount their proposed lifelong intrinsic
reward with episodic state visitation counts. Concretely, for a transition tuple (St; at; St-+1), r:‘”so‘hc

is computed as

ep-count 1
rec = p——— ®)
Nep(St+1)

where Ngp(s) denotes the number of visits to state S in the current episode. Ngp(S) is post-factum
computed such that the denominator is always larger than 0.

Episodic first visits Compared with the above episodic intrinsic reward, Zhang et al. (2020) take a

more aggressive strategy: the agent only receives lifelong intrinsic reward when it visits the state for
the first time in an episode. That is, for a transition tuple (St; at; St+1), r:p‘”dm is computed as

r = 1(Nep(stt) = 1); ©)

where 1( ) denotes an indicator function.
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Figure 1: The 6 hard-exploration environments in MiniGrid used for our experiments.

3 DISENTANGLING THE INTRINSIC REWARD

As discussed above, the intrinsic reward for procedurally-generated environments can be disentangled
into a lifelong term and an episodic term. In this section, we conduct extensive experiments on
MiniGrid benchmark (Chevalier-Boisvert et al., 2018) to study their individual contributions to
improving exploration. To this end, we ablatively compare different lifelong-episodic combinations
under two settings (Sec. 3.2): (i) a sparse extrinsic reward setting where reward is only obtained upon
accomplishing the task, and (ii) a pure exploration setting without extrinsic rewards. We nd that
episodic intrinsic reward is more important for ef cient exploration, while lifelong intrinsic reward
does not help much. Then, in Sec. 3.3, we also compare the approach of using only episodic intrinsic
reward to other state-of-the-art methods. Finally, we analyze the reason why the lifelong intrinsic
reward does not help improve exploration.

3.1 &ETUP

Environments Following previous works (Raileanu & Rodachel, 2020; Zhang et al., 2020;
Campero et al., 2021; Zha et al., 2021, Flet-Berliac et al., 2021) on exploration in procedurally-
generated gridworld environments, we use the MiniGrid benchmark (Chevalier-Boisvert et al., 2018),
which runs fast and hence is suitable for large-scale experiments. As shown in Fig. 1, we use 3
commonly used hard-exploration tasks in MiniGrid:

» KeyCorridor : The task is to pick up an object hidden behind a locked door. The agent has to
explore different rooms to nd the key for opening the locked door.

» MultiRoom : The task is to navigate from the rst room, through a sequence of rooms connected
by doors, to a goal in the last room. The agent must open the door to enter the next room.

» ObstructedMaze : The task is to pick up an object hidden behind a locked door. The key is now
hidden in a box. The agent has to nd the box and open it to get the key. Besides, the agent needs
to move the obstruction in front of the locked door.

The suf xes denote different con gurations. @, N7S8for MultiRoom refers to 7 rooms of size no

larger than 8). For each task, we choose 2 representative con gurations from those used in previous
works, in order to reduce the computational burden. Following prior works (Raileanu & &sotidl,

2020; Zhang et al., 2020), we use the partial observation of the grid. The agent chooses from 7
actions (see Appx. A.1 for details). In our sparse reward setting, the agent obtains a positive reward
only when it reaches the goal position or picks up the goal object. Accomplishing the tasks requires
suf cient exploration and completion of some nontrivial subroutireg ( pick up keys, open doors).

More details about the environments and tasks are deferred to Appx. A.1.

Training details For RL learning algorithm, we nd that IMPALA (Espeholt et al., 2018ter

et al., 2019) used in previous works takes too long to train and requires a lot of CPU resources.
Therefore, to make the computational cost manageable, we use Proximal Policy Optimization
(PPO) (Schulman et al., 2017) to train the policy, which is also a high-performing actor-critic
algorithm but easier and more ef cient to run on a single machine than IMPALA.

Following previous works (Raileanu & Roddchel, 2020; Zhang et al., 2020; Campero et al., 2021;
Flet-Berliac et al., 2021), we use convolutional neural networks to process the input observation
(see Appx. A.2 for network architectures). The neural networks are optimized with Adam (Kingma
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Figure 2: Performance of different combinations of lifelong and episodic intrinsic rewards on 6 hard
exploration environments in MiniGrid. Note that simply using episodic intrinsic reward can achieve
top performance among all combinations. Best viewed in color.

& Ba, 2015). The number of training frames are summarized in Fig. 11, which are kept the same
as in (Raileanu & Rockéischel, 2020; Zhang et al., 2020). All of our experiments can be run on a
single machine with 8 CPUs and a Titan X GPU. Details about the computation cost are included in
Appx. A.3.

Hyperparameters and evaluation One critical hyperparameter in intrinsic-reward-based ap-

proaches is the coef cient that balances intrinsic and extrinsic rewards (see Eqn. 2). Varying

the value of will have a large impact on the performance. Thus for fair comparison, we search
for each experiment and present the results with besthe searched values ofas well as

other hyperparameters are summarized in Appx. A.5. As in prior works, we use training curves for

performance comparison. The training curves are averaged over 5 runs and the standard deviations

are plotted as shaded areas. The curves are smoothed following the procedure used by Raileanu &

Rock@schel (2020). We also include the testing results in Appx. A.6.1.

3.2 INDIVIDUAL CONTRIBUTIONS OF EPISODIC AND LIFELONG INTRINSIC REWARDS

In this section, we ablatively study how episodic and lifelong intrinsic rewards improve exploration
with and without extrinsic reward.€., goal-reaching and pure exploration). On the MiniGrid
environments, we compare the performance of 15 lifelong-episodic combinaftidf$; r X', r RO,

rBeBod Nongg f rercount repvisit Noney. Here “None” refers to not using lifelong or episodic
intrinsic reward. If both are not used, then it reduces to vanilla PPO without intrinsic rewards. If
only one is not used, then the reward reduces to 1. For the goal-reaching task, the extrinsic reward is
sparse and only provided when the agent achieves the goal. Exploration ability is measured by how
fast the agent can achieve high average return on 6 environments introduced in Sec. 3.1. For the pure
exploration setting, we train agents BlultiRoom environments without providing any extrinsic
reward when agents reach the gddultiRoom environments consist of several consecutive rooms
connected by doors and the agent starts from the rst room (see Fig. 1). To explore the environment,
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Figure 3: Average number of explored rooms without extrinsic rewards. Best viewed in color.

Figure 4: Comparison of only using episodic intrinsic rewards and state-of-the-art methods. Note that
the result of BeBold irDbstructedMaze-2Q is directly taken from the associated paper (Zhang
et al., 2020).

the agent needs to open each door and navigate to different rooms. Thus, we can easily use the
average number of explored rooms within an episode as a proxy for quantifying the exploration
ability. Here we usdultiRoom-N7S8 andMultiRoom-N10S10 which have 7 and 10 rooms
respectively, and consider a room is explored if the agent visits any tile within this room (excluding
the connecting door).

Fig. 2 shows the results of exploration with extrinsic rewards. We can see that only using episodic
intrinsic reward can match or surpass the performance of combining lifelong and episodic intrin-
sic rewards. In contrast, only using lifelong intrinsic reward hardly makes any progress. These
observations show that the episodic intrinsic reward is the key ingredient for boosting exploration.
Moreover, comparing the performance of different lifelong intrinsic rewards under the same episodic
intrinsic reward {;e., dark red or dark blue curves in each column of Fig. 2), we nd that recently
proposed ones {'°F andr BB do not exhibit clear advantages over previous on¥ @ndrRNP),
Additionally, when comparing two episodic intrinsic rewards, we can see they perform comparably
well for most environments. An exception is thiiltiRoom  environments, where®™'s performs
slightly better. The reason might be th&2"'s" is more aggressive thaif*“°“"tin discouraging
revisits to visited states within an episode, pushing the agent to explore new rooms more quickly.

The results for the pure exploration setting are summarized in Fig. 3. Again, when only using lifelong
intrinsic rewardsi(e., green curves), the agent fails to explore farther than the rst 2 rooms. In
contrast, it can quickly explore more rooms when augmented with episodic intrinsic rewards. This
further demonstrates that episodic intrinsic reward is more important than lifelong one for ef cient
exploration. Moreoever, comparim§™V's* andr eP<°U" we can see®™'" helps the agent explore
faster. This difference in exploration ef ciency explains the performance difference benfRéH
andrércountin MultiRoom  environments with extrinsic reward (see Fig. 2).
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Figure 5: Performance of whether randomly permuting lifelong intrinsic rewards on 6 hard exploration
environments in MiniGrid. Best viewed in color.

3.3 COMPARISON WITH STATEOF-THE-ART METHODS

From the previous section, we can see that only using episodic intrinsic rewards can achieve very
competitive performance. In this section, we compare its performance with other state-of-the-
art approaches, including RIDE (Raileanu & Rdidthel, 2020), BeBold (Zhang et al., 2020),
RAPID (Zha et al., 2021) and AGAC (Flet-Berliac et al., 2021), under the sparse extrinsic reward
setting. Among the 6 environments used, 1) for environments also used in these works, we contacted
the authors and obtained the original results reported in their papers; 2) for other environments, we
train agents using their of cial implementations and the same hyperparameters reported in their
papers. Please see Appx. A.4 for more details.

As Fig. 4 shows, only using®™Visit or réPcount clearly outperforms other state-of-the-art methods,
achieving high average return with fewer training frames. Speci callikégCorridor-S6R3
ObstructedMaze-1Q  andObstructedMaze-2Q , it is almost an order of magnitude more

ef cient than previous methods. Note that the performance of BeBolBlistructedMaze-2Q  is

directly taken from their paper but we cannot reproduce it. Compared to these sophisticated methods,
simply using episodic intrinsic rewards serves as a very strong baseline. In Appx. A.6.2, we also
include the comparison results on other environments in MiniGrid benchmark.

3.4 WHY DOESN' T LIFELONG INTRINSIC REWARD HELF?

As shown in Sec. 3.2, lifelong intrinsic reward contributes little to improving exploration. In this
section, we make preliminary attempts to analyze the reason for its ineffectiveness.

To begin with, we examine the learned behavior of an agent trained with the lifelong intrinsic rewards
only (see Fig. 2), by rolling out the learned policies in the environment. We nd that the trained
agent is often stuck in the rst room and oscillating between two states. An example, as shown in
Fig. 6, is that the agent keeps opening and closing the rst door. In comparison, the agent trained
with episodic intrinsic rewards only can explore all rooms without oscillating (see videos in the
supplementary material). A possible reason for this failure could be that the lifelong intrinsic reward
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