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Abstract

Exploration is essential for reinforcement learning (RL). To
face the challenges of exploration, we consider a reward-free
RL framework that completely separates exploration from
exploitation and brings new challenges for exploration al-
gorithms. In the exploration phase, the agent learns an ex-
ploratory policy by interacting with a reward-free environ-
ment and collects a dataset of transitions by executing the
policy. In the planning phase, the agent computes a good pol-
icy for any reward function based on the dataset without fur-
ther interacting with the environment. This framework is suit-
able for the meta RL setting where there are many reward
functions of interest. In the exploration phase, we propose to
maximize the Rényi entropy over the state-action space and
justify this objective theoretically. The success of using Rényi
entropy as the objective results from its encouragement to ex-
plore the hard-to-reach state-actions. We further deduce a pol-
icy gradient formulation for this objective and design a prac-
tical exploration algorithm that can deal with complex envi-
ronments. In the planning phase, we solve for good policies
given arbitrary reward functions using a batch RL algorithm.
Empirically, we show that our exploration algorithm is effec-
tive and sample efficient, and results in superior policies for
arbitrary reward functions in the planning phase.

1 Introduction

The trade-off between exploration and exploitation is at the
core of reinforcement learning (RL). Designing efficient ex-
ploration algorithm, while being a highly nontrivial task,
is essential to the success in many RL tasks (Burda et al.
2019b; Ecoffet et al. 2019). Hence, it is natural to ask the
following high-level question: What can we achieve by pure
exploration? To address this question, several settings re-
lated to meta reinforcement learning (meta RL) have been
proposed (see e.g., Wang et al. 2016; Duan et al. 2016; Finn,
Abbeel, and Levine 2017). One common setting in meta RL
is to learn a model in a reward-free environment in the meta-
training phase, and use the learned model as the initialization
to fast adapt for new tasks in the meta-testing phase (Eysen-
bach et al. 2019; Gupta et al. 2018; Nagabandi et al. 2019).
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Since the agent still needs to explore the environment un-
der the new tasks in the meta-testing phase (sometimes it
may need more new samples in some new task, and some-
times less), it is less clear how to evaluate the effectiveness
of the exploration in the meta-training phase. Another set-
ting is to learn a policy in a reward-free environment and
test the policy under the task with a specific reward function
(such as the score in Montezuma’s Revenge) without fur-
ther training with the task (Burda et al. 2019b; Ecoffet et al.
2019; Burda et al. 2019a). However, there is no guarantee
that the algorithm has fully explored the transition dynamics
of the environment unless we test the learned model for arbi-
trary reward functions. Recently, Jin et al. (2020) proposed
reward-free RL framework that fully decouples exploration
and exploitation. Further, they designed a provably efficient
algorithm that conducts a finite number of steps of reward-
free exploration and returns near-optimal policies for arbi-
trary reward functions. However, their algorithm is designed
for the tabular case and can hardly be extended to continu-
ous or high-dimensional state spaces since they construct a
policy for each state.

The reward-free RL framework is as follows: First, a set
of policies are trained to explore the dynamics of the reward-
free environment in the exploration phase (i.e., the meta-
training phase). Then, a dataset of trajectories is collected
by executing the learned exploratory policies. In the plan-
ning phase (i.e., the meta-testing phase), an arbitrary re-
ward function is specified and a batch RL algorithm (Lange,
Gabel, and Riedmiller 2012; Fujimoto, Meger, and Precup
2019) is applied to solve for a good policy solely based on
the dataset, without further interaction with the environment.
This framework is suitable to the scenarios when there are
many reward functions of interest or the reward is designed
offline to elicit desired behavior. The key to success in this
framework is to obtain a dataset with good coverage over all
possible situations in the environment with as few samples
as possible, which in turn requires the exploratory policy to
fully explore the environment.

Several methods that encourage various forms of ex-
ploration have been developed in the reinforcement learn-
ing literature. The maximum entropy framework (Haarnoja
et al. 2017) maximizes the cumulative reward in the mean-
while maximizing the entropy over the action space con-
ditioned on each state. This framework results in several



efficient and robust algorithms, such as soft Q-learning
(Schulman, Chen, and Abbeel 2017; Nachum et al. 2017),
SAC (Haarnoja et al. 2018) and MPO (Abdolmaleki et al.
2018). On the other hand, maximizing the state space cov-
erage may results in better exploration. Various kinds of
objectives/regularizations are used for better exploration
of the state space, including information-theoretic metrics
(Houthooft et al. 2016; Mohamed and Rezende 2015; Eysen-
bach et al. 2019) (especially the entropy of the state space,
e.g., Hazan et al. (2019); Islam et al. (2019)), the prediction
error of a dynamical model (Burda et al. 2019a; Pathak et al.
2017; de Abril and Kanai 2018), the state visitation count
(Burda et al. 2019b; Bellemare et al. 2016; Ostrovski et al.
2017) or others heuristic signals such as novelty (Lehman
and Stanley 2011; Conti et al. 2018), surprise (Achiam and
Sastry 2016) or curiosity (Schmidhuber 1991).

In practice, it is desirable to obtain a single exploratory
policy instead of a set of policies whose cardinality may be
as large as that of the state space (e.g., Jin et al. 2020; Misra
et al. 2019). Our exploration algorithm outputs a single ex-
ploratory policy for the reward-free RL framework by max-
imizing the Rényi entropy over the state-action space in the
exploration phase. In particular, we demonstrate the advan-
tage of using state-action space, instead of the state space via
a very simple example (see Section 3 and Figure 1). More-
over, Rényi entropy generalizes a family of entropies, in-
cluding the commonly used Shannon entropy. We justify the
use of Rényi entropy as the objective function theoretically
by providing an upper bound on the number of samples in
the dataset to ensure that a near-optimal policy is obtained
for any reward function in the planning phase.

Further, we derive a gradient ascent update rule for max-
imizing the Rényi entropy over the state-action space. The
derived update rule is similar to the vanilla policy gradi-
ent update with the reward replaced by a function of the
discounted stationary state-action distribution of the current
policy. We use variational autoencoder (VAE) (Kingma and
Welling 2014) as the density model to estimate the distri-
bution. The corresponding reward changes over iterations
which makes it hard to accurately estimate a value func-
tion under the current reward. To address this issue, we pro-
pose to estimate a state value function using the off-policy
data with the reward relabeled by the current density model.
This enables us to efficiently update the policy in a stable
way using PPO (Schulman et al. 2017). Afterwards, we col-
lect a dataset by executing the learned policy. In the plan-
ning phase, when a reward function is specified, we aug-
ment the dataset with the rewards and use a batch RL algo-
rithm, batch constrained deep Q-learning (BCQ) (Fujimoto,
Meger, and Precup 2019; Fujimoto et al. 2019), to plan for
a good policy under the reward function. We conduct ex-
periments on several environments with discrete, continuous
or high-dimensional state spaces. The experiment results in-
dicate that our algorithm is effective, sample efficient and
robust in the exploration phase, and achieves good perfor-
mance under the reward-free RL framework.

Our contributions are summarized as follows:

e (Section 3) We consider the reward-free RL framework
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that separates exploration from exploitation and therefore
places a higher requirement for an exploration algorithm.
To efficiently explore under this framework, we propose
a novel objective that maximizes the Rényi entropy over
the state-action space in the exploration phase and justify
this objective theoretically.

(Section 4) We propose a practical algorithm based on
a derived policy gradient formulation to maximize the
Rényi entropy over the state-action space for the reward-
free RL framework.

(Section 5) We conduct a wide range of experiments and
the results indicate that our algorithm is efficient and ro-
bust in the exploration phase and results in superior per-
formance in the downstream planning phase for arbitrary
reward functions.

2 Preliminary

A reward-free environment can be formulated as a con-
trolled Markov process (CMP) ! (S, A, P, i1, ~) which spec-
ifies the state space S with S = |S], the action space A
with A = |A|, the transition dynamics PP, the initial state
distribution ;z € A and the discount factor . A (station-
ary) policy mp : S — A parameterized by  specifies
the probability of choosing the actions on each state. The
stationary discounted state visitation distribution (or sim-
ply the state distribution) under the policy 7 is defined as
dr(s) == (1=7) 3op2 o Y"Pr(s; = s|so ~ p; ). The station-
ary discounted state-action visitation distribution (or simply
the state-action distribution) under the policy 7 is defined as
dr(s,a) == (1 =) 320 Y"Pr(sy = s,a; = also ~ p; 7).
Unless otherwise stated, we use d” to denote the state-action

e . g R
distribution. We also use dg . to denote the distribution

started from the state-action pair (s, ag) instead of the ini-
tial state distribution p.

When a reward function » : & x A — R is speci-
fied, CMP becomes the Markov decision process (MDP)
(Sutton and Barto 2018) (S, A, P, r, 1, y). The objective for
MDP is to find a policy mg that maximizes the expected
cumulative reward J(0;r) = Ez ~,[V7(so;7)], where
V™ (s;1) =E[> . 0¥ (8¢, ar)|so = s; 7] is the state value
function. We indicate the dependence on r to emphasize
that there may be more than one reward function of inter-
est. The policy gradient for this objective is Vg J(0;1) =
E (s a)~dre [Vologmg(als)Q™ (s,a;r)] (Williams 1992),
where Q™ (s,a;7) = E[> oqv'r(se,ae)|so = s, a0

a; 7| = ﬁ(d";a, r) is the Q function.

Rényi entropy for a distribution d € A?¥ is defined
as Ho(d) ——log (3 cx d*(x)), where d(z) is the
probability mass or the probability density function on z
(and the summation becomes integration in the latter case).
When a — 0, Rényi entropy becomes Hartley entropy and
equals the logarithm of the size of the support of d. When
a — 1, Rényi entropy becomes Shannon entropy H(d) :=

! Although some literature use CMP to refer to MDP, we use
CMP to denote a Markov process (Silver 2015) equipped with a
control structure in this paper.
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Figure 1: A deterministic five-state MDP with two actions.
With discount factor v = 1, a policy that maximizes the
entropy of the discounted sfate visitation distribution does
not visit all the transitions while a policy that maximizes
the entropy of the discounted state-action visitation distri-
bution visits all the transitions. Covering all the transitions
is important for the reward-free RL framework. The width of
the arrows indicates the visitation frequency under different
policies.

— > wex d(x)logd(x) (Bromiley, Thacker, and Bouhova-
Thacker 2004; Sanei, Borzadaran, and Amini 2016).

Given a distribution d € A%, the corresponding den-
sity model Py : & — IR parameterized by ¢ gives the
probability density estimation of d based on the samples
drawn from d. Variational auto-encoder (VAE) (Kingma
and Welling 2014) is a popular density model which max-
imizes the variational lower bound (ELBO) of the log-
likelihood. Specifically, VAE maximizes the lower bound of
E;~allog Pg(x)], ie., maxg By g 2ng,(|2)[logpg(z]2)] —
Ez~a[Dki(gs(-|z)||p(2))], where g4 and py are the decoder
and the encoder respectively and p(z) is a prior distribution
for the latent variable z.

3 The Objective for the Exploration Phase

The objective for the exploration phase under the reward-
free RL framework is to induce an informative and compact
dataset: The informative condition is that the dataset should
have good coverage such that the planning phase generates
good policies for arbitrary reward functions. The compact
condition is that the size of the dataset should be as small
as possible to ensure a successful planning. In this section,
we show that the Rényi entropy over the state-action space
(i.e., Hqo(d}})) is a good objective function for the explo-
ration phase. We first demonstrate the advantage of maxi-
mizing the state-action space entropy over maximizing the
state space entropy with a toy example. Then, we provide a
motivation to use Rényi entropy by analyzing a deterministic
setting. At last, we provide an upper bound on the number
of samples needed in the dataset for a successful planning if
we have access to a policy that maximizes the Rényi entropy
over the state-action space. For ease of analysis, we assume
the state-action space is discrete in this section and derive
a practical algorithm that deals with continuous state-action
space in the next section.

Why maximize the entropy over the state-action
space? We demonstrate the advantage of maximizing the en-
tropy over the state-action space with a toy example shown
in Figure 1. The example contains an MDP with two actions
and five states. The first action always drives the agent back
to the first state while the second action moves the agent to
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the next state. For simplicity of presentation, we consider
a case with a discount factor v = 1, but other values are
similar. The policy that maximizes the entropy of the state
distribution is a deterministic policy that takes the actions
shown in red. The dataset obtained by executing this pol-
icy is poor since the planning algorithm fails when, in the
planning phase, a sparse reward is assigned to one of the
state-action pairs that it visits with zero probability (e.g.,
a reward function r(s,a) that equals to 1 on (s2,aq) and
equals to O otherwise). In contrast, a policy that maximizes
the entropy of the state-action distribution avoids the prob-
lem. For example, executing the policy that maximizes the
Rényi entropy with o = 0.5 over the state-action space, the
expected size of the induced dataset is only 44 such that the
dataset contains all the state-action pairs (cf. Appendix A).
Note that, when the transition dynamics is known to be de-
terministic, a dataset containing all the state-action pairs is
sufficient for the planning algorithm to obtain an optimal
policy since the full transition dynamics is known.

Why using Rényi entropy? We analyze a deterministic
setting where the transition dynamics is known to be deter-
ministic. In this setting, the objective for the framework can
be expressed as a specific objective function for the explo-
ration phase. This objective function is hard to optimize but
motivates us to use Rényi entropy as the surrogate.

We define n := SA as the cardinality of the state-action
space. Given an exploratory policy m, we assume the dataset
is collected in a way such that the transitions in the dataset
can be treated as i.i.d. samples from djj, where dj; is the
state-action distribution induced by the policy 7.

In the deterministic setting, we can recover the exact tran-
sition dynamics of the environment using a dataset of transi-
tions that contains all the n state-action pairs. Such a dataset
leads to a successful planning for arbitrary reward functions,
and therefore satisfies the informative condition. In order to
obtain such a dataset that is also compact, we stop collecting
samples if the dataset contains all the n pairs. Given the dis-
tribution d; = (dy,--- ,d,) € A" from which we collect

samples, the average size of the dataset is G (dZ), where

[ ( >dt, 0
0

which is a result of the coupon collectors problem (Flajolet,
Gardy, and Thimonier 1992). Accordingly, the objective for
the exploration phase can be expressed as minei G (dﬁ)
where II is the set of all the feasible policies. (Notice that
due to the limitation of the transition dynamics, the feasi-
ble state-action distributions form only a subset of A™.) We
show the contour of this function on A" in Figure 2a. We
can see that, when any component of the distribution dj
approaches zeros, G(d7) increases rapidly forming a bar-
rier indicated by the black arrow. This barrier prevents the
agent to visit a state-action with a vanishing probability, and
thus encourages the agent to explore the hard-to-reach state-
actions.

However, this function involves an improper integral
which is hard to handle, and therefore cannot be directly
used as an objective function in the exploration phase. One

n

[Ja—eh

i=1

G(dy)
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Figure 2: The contours of different objective functions on
A™ with n = 3. G(d) is the average size of the transi-
tion dataset sampled from the distribution d to ensure a suc-
cessful planning. Compared with Shannon entropy (H), the
contour of Rényi entropy (Hy 5, Ho.1) aligns better with G
since Rényi entropy rapidly decreases when any component
of d approaches zero (indicated by the arrow).

common choice for a tractable objective function is Shan-
non entropy, i.e., max e Hl(d;j) (Hazan et al. 2019; Is-
lam et al. 2019), whose contour is shown in Figure 2b.
We can see that, Shannon entropy may still be large when
some component of dj; approaches zero (e.g., the black ar-
row indicates a case where the entropy is relatively large
but d; — 0). Therefore, maximizing Shannon entropy may
result in a policy that visits some state-action pair with a
vanishing probability. We find that the contour of Rényi en-
tropy (shown in Figure 2c/d) aligns better with G (dz) and
alleviates this problem. In general, the policy 7 that max-
imizes Rényi entropy may correspond to a smaller G(d;)
than that resulted from maximizing Shannon entropy for dif-
ferent CMPs (more evidence of which can be found in Ap-
pendix B).

Theoretical justification for the objective function.
Next, we formally justify the use of Rényi entropy over
the state-action space with the following theorem. For ease
of analysis, we consider a standard episodic setting: The
MDP has a finite planning horizon H and stochastic dy-
namics [P with the objective to maximize the cumulative
reward J(m;r) = Eg ~u[V™(s1;7)], where V7 (s;7) =
Ep ZhH:1 rr(sn,an)|s1 = s,w] We assume the reward
function rp, : S x A — [0,1],Vh € [H] is deterministic. A
(non-stationary, stochastic) policy 7 : S x [H] — A* speci-
fies the probability of choosing the actions on each state and

on each step. The state-action distribution induced by 7 on
the h-th step is d7f (s, a) := Pr(sp, = s, ap, = als1 ~ ;7).

Theorem 3.1. Denote w as a set of policies {xW}H_ |
where 7). Sx[H] — A% and 7™ € argmax, H,(d}).
Construct a dataset M with M trajectories, each of which
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is collected by first uniformly randomly choosing a policy ®
from w and then executing the policy w. Assume

H2SA)2(ﬁ+1) H (SAH
— log
€ pe

>
Mc< 1

where 3 = ﬁ and ¢ > 0 is an absolute constant. Then,
there exists a planning algorithm such that, for any reward
function r, with probability at least 1 — p, the output policy
7 of the planning algorithm based on M is 3e-optimal, i.e.,
J(m*;r) — J(7;r) < 3¢, where J(n*; 1) = max, J(m;7).

We provide the proof in Appendix C. The theorem jus-
tifies that Rényi entropy with small « is a proper objective
function for the exploration phase since the number of sam-
ples needed to ensure a successful planning is bounded when
« is small. When o« — 1, the bound becomes infinity. The
algorithm proposed by Jin et al. (2020) requires to sample
O(H®S?A/e?) trajectories where O hides a logarithmic fac-
tor, which matches our bound when o — 0. However, they
construct a policy for each state on each step, whereas we
only need H policies which easily adapts for the non-tabular
case.

4 Method

In this section, we develop an algorithm for the non-tabular
case. In the exploration phase, we update the policy 7 to
maximize H,(d};). We first deduce a gradient ascent up-
date rule which is similar to vanilla policy gradient with
the reward replaced by a function of the state-action dis-
tribution of the current policy. Afterwards, we estimate the
state-action distribution using VAE. We also estimate a value
function and update the policy using PPO, which is more
sample efficient and robust than vanilla policy gradient.
Then, we obtain a dataset by collecting samples from the
learned policy. In the planning phase, we use a popular batch
RL algorithm, BCQ, to plan for a good policy when the re-
ward function is specified. One may also use other batch RL
algorithms. We show the pseudocode of the process in Algo-
rithm 1, the details of which are described in the following
paragraphs.

Policy gradient formulation. Let us first consider the
gradient of the objective function H, (d];), where the pol-
icy 7 is approximated by a policy network with the param-
eters denoted as 6. We omit the dependency of 7 on 6. The
gradient of the objective function is

VoHo(d];) o %E(s,a)w; Vg logm(als)
(55 (s (d)* 1) + (s, )Y |.
2

As a special case, when o« — 1, the Rényi entropy becomes
the Shannon entropy and the gradient turns into

dﬂ'

s,a’

VoH:(d}) = E(s,a)mag [V@ log 7(als)

(ﬁ( —logd;) —log dZ(s,a)) }

Due to space limit, the derivation can be found in Appendix
D. There are two terms in the gradients. The first term

3)
dﬂ'

s,a’
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Figure 3: Experiments on Mult iRooms. a) [llustration of the Mult iRooms environment and the state visitation distribution
of the policies learned by different algorithms. b) The number of unique state-action pairs visited by running the policy for 2k
steps in each iteration in the exploration phase. c) The normalized cumulative reward of the policy computed in the planning
phase (i.e., normalized by the corresponding optimal cumulative reward), averaged over different reward functions. The lines
indicate the average across five independent runs and the shaded areas indicate the standard deviation.

equals to E(s,a)~d; [Vologm(a|s)Q™ (s, a;r)] with the re-
ward 7(s,a) = (dj(s,a))* " orr(s,a) = —logd} (s, a),
which resembles the policy gradient (of cumulative reward)
for a standard MDP. This term encourages the policy to
choose the actions that lead to the rarely visited state-action
pairs. In a similar way, the second term resembles the policy
gradient of instant reward E(, q)~ax [Vologm(als)r(s, a)]
and encourages the agent to choose the actions that are rarely
selected on the current step. The second term in (3) equals to
VoEs~ar [Hi(m(-[s))]. For stability, we also replace the sec-

ond term in (2) with VgEgqz [H:(7(-[s))] *. Accordingly,
we update the policy based on the following formula where
n > 0 is a hyperparameter:

o [Ve(O;r=(d})*") 0<a<1
VoHa(dy) = {VQJ(G;T =—logd}) a=1

+ NVoEswar [Hi(m(-]s))].

Discussion. Islam et al. (2019) motivate the agent to ex-
plore by maximizing the Shannon entropy over the state
space resulting in an intrinsic reward r(s) = —logdJ(s)
which is similar to ours when o« — 1. Bellemare et al.
(2016) use an intrinsic reward (s, a) = N(s,a)~'/? where
N (s, a) is an estimation of the visit count of (s, a). Our al-
gorithm with & = 1/2 induces a similar reward.

Sample collection. To estimate d7, for calculating the un-
derlying reward, we collect samples in the following way
(cf. Line 5 in Algorithm 1): In the i-th iteration, we sample
m trajectories. In each trajectory, we terminate the rollout
on each step with probability 1 — . In this way, we obtain
a set of trajectories D; = {(s;1,a;1), -+, (8jn;, ajn; )}y
where N is the length of the j-th trajectory. Then, we can
use VAE to estimate d; based on D;, i.e., using ELBO as the
density estimation (cf. Line 6 in Algorithm 1).

Value function. Instead of performing vanilla policy gra-
dient, we update the policy using PPO which is more robust

“

2We found that using this term leads to more stable performance
empirically since this term does not suffer from the high variance
induced by the estimation of dJ, (see also Appendix E).
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Algorithm 1 Maximizing the state-action space Rényi en-
tropy for the reward-free RL framework

1:

Input: The number of iterations in the exploration phase
T'; The size of the dataset M; The parameter of Rényi
entropy o.
Initialize: Replay buffer that stores the samples form
the last n iterations D = {); Density model P, (VAE);
Value function Vy; Policy network mg.
> Exploration phase (MaxRenyi)
fori =1toT do
Sample D; using 7y and add it to D
Update P, to estimate the state-action distribution
based on D;
Update V,;, to minimize £, (D) defined in (5)
Update 7y to minimize Ly (D;) defined in (6)
> Collect the dataset
Rollout the exploratory policy 7y, collect M trajectories
and store them in M
11: > Planning phase
: Reveal a reward functionr : S x 4 — R
13: Construct a labeled dataset M := {(s,a,7(s,a))}
14: Plan for a policy 7, = BCQ(M)

AN

@Y »®A

and sample efficient. However, the underlying reward func-
tion changes across iterations. This makes it hard to learn a
value function incrementally that is used to reduce variance
in PPO. We propose to train a value function network us-
ing relabeled off-policy data. In the i-th iteration, we main-
tain a replay buffer D = D; UD;_; U --- U D;_, 41 that
stores the trajectories of the last n iterations (cf. Line 5 in
Algorithm 1). Next, we calculate the reward for each state-
action pair in D with the latest density estimator Py, i.e., we
assign 7 = (Py(s,a))* 1 or r = —log Py(s,a) for each
(s,a) € D. Based on these rewards, we can estimate the
target value V'8(s) for each state s € D using the trun-
cated TD()) estimator (Sutton and Barto 2018) which bal-
ances bias and variance (see the detail in Appendix F). Then,



we train the value function network V;, (where 9 is the pa-
rameter) to minimize the mean squared error w.r.t. the target
values:

Ly(D) = Esnp [(Vi(s) — V*3(5))?] . ©)

Policy network. In each iteration, we update the policy
network to maximize the following objective function that
is used in PPO:

7;69(2)1) :Esyawfpi {min (
+ nEs~p, [Hi(mo(-]5))],

(6)

1 A A> .

where g(g, A) = {El i— 214 4 2 8 and A(s,a) is the ad-

vantage estimated using GAE (Schulman et al. 2016) and
the learned value function V.

5 Experiments

We first conduct experiments on the MultiRooms environ-
ment from minigrid (Chevalier-Boisvert, Willems, and Pal
2018) to compare the performance of MaxRenyi with sev-
eral baseline exploration algorithms in the exploration phase
and the downstream planning phase. We also compare the
performance of MaxRenyi with different as, and show the
advantage of using a PPO based algorithm and maximizing
the entropy over the state-action space by comparing with
ablated versions. Then, we conduct experiments on a set
of Atari (with image-based observations) (Machado et al.
2018) and Mujoco (Todorov, Erez, and Tassa 2012) tasks to
show that our algorithm outperforms the baselines in com-
plex environments for the reward-free RL framework. We
also provide detailed results to investigate why our algorithm
succeeds. More experiments and the detailed experiment set-
tings/hyperparameters can be found in Appendix G.

Experiments on MultiRooms. The observation in Mul-
tiRooms is the first person perspective from the agent which
is high-dimensional and partially observable, and the actions
are turning left/right, moving forward and opening the door
(cf. Figure 3a above). This environment is hard to explore
for standard RL algorithms due to sparse reward. In the
exploration phase, the agent has to navigate and open the
doors to explore through a series of rooms. In the planning
phase, we randomly assign a goal state-action pair, reward
the agent upon this state-action, and then train a policy with
this reward function. We compare our exploration algorithm
MaxRenyi with ICM (Pathak et al. 2017), RND (Burda et al.
2019b) (which use different prediction errors as the intrinsic
reward), MaxEnt (Hazan et al. 2019) (which maximizes the
state space entropy) and an ablated version of our algorithm
MaxRenyi(VPG) (that updates the policy directly by vanilla
policy gradient using (2) and (3)).

For the exploration phase, we show the performance of
different algorithms in Figure 3b. First, we see that variants
of MaxRenyi performs better than the baseline algorithms.
Specifically, MaxRenyi is more stable than ICM and RND
that explores well at the start but later degenerates when the
agent becomes familiar with all the states. Second, we ob-
serve that MaxRenyi performs better than MaxRenyi(VPG)
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M= 2k 4k 8k 16k

MaxRenyi 0.14 052 087 091
State + bonus  0.14 048 0.78 0.87
State 0.07 0.15 041 057

Table 1: The lowest normalized cumulative reward of the
planned policies across different reward functions, averaged
over five runs. We use o = 0.5 in the algorithms.

with different as, indicating that MaxRenyi benefits from
adopting PPO which reduces variance with a value function
and update the policy conservatively. Third, MaxRenyi with
a = 0.5 performs better than « = 1 which is consistent
with our theory. However, we observe that MaxRenyi with
a = 0 is more likely to be unstable empirically and results
in slightly worse performance. At last, we show the visita-
tion frequency of the exploratory policies resulted from dif-
ferent algorithms in Figure 3a. We see that MaxRenyi visits
the states more uniformly compared with the baseline algo-
rithms, especially the hard-to-reach states such as the cor-
ners of the rooms.

For the planning phase, we collect datasets of different
sizes by executing different exploratory policies, and use the
datasets to compute policies with different reward functions
using BCQ. We show the performance of the resultant poli-
cies in Figure 3c. First, we observe that the datasets gener-
ated by running random policies do not lead to a successful
planning, indicating the importance of learning a good ex-
ploratory policy in this framework. Second, the dataset with
only 8k samples leads to a successful planning (with a nor-
malized cumulative reward larger than 0.8) using MaxRenyi,
whereas a dataset with 16k samples is needed to succeed
in the planning phase when using ICM, RND or MaxEnt.
This illustrates that MaxRenyi leads to a better performance
in the planning phase (i.e., attains good policies with fewer
samples) than the previous exploration algorithms.

Further, we compare MaxRenyi that maximizes the en-
tropy over the state-action space with two ablated versions:
“State + bonus” that maximizes the entropy over the state
space with an entropy bonus (i.e., using Py to estimate the
state distribution in Algorithm 1), and “State” that maxi-
mizes the entropy over the state space (i.e., additionally set-
ting 7 = 0 in (6)). Notice that the reward-free RL framework
requires that a good policy is obtained for arbitrary reward
functions in the planning phase. Therefore, we show the low-
est normalized cumulative reward of the planned policies
across different reward functions for the algorithms in Table
1. We see that maximizing the entropy over the state-action
space results in better performance for this framework.

Experiments on Atari and Mujoco. In the exploration
phase, we run different exploration algorithms in the reward-
free environment of Atari (Mujoco) for 200M (10M) steps
and collect a dataset with 100M (5M) samples by executing
the learned policy. In the planning phase, a policy is com-
puted offline to maximize the performance under the extrin-
sic game reward using the batch RL algorithm based on the
dataset. We show the performance of the planned policies in
Table 2. We can see that MaxRenyi performs well on a range
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Figure 4: Experiments on Montezuma’s Revenge. a) The episodic return with the extrinsic game reward along with the training
in the exploration phase. b) The trajectory of the agent by executing the policy trained with the corresponding reward function

in the planning phase. Best viewed in color.

MaxRenyi RND ICM Random

Montezuma 8,100 4,740 380 0
Venture 900 840 240 0
Gravitar 1,850 1,890 940 340
PrivateEye 6,820 3,040 100 100
Solaris 2,192 1416 1,844 1,508
Hopper 973 819 704 78
HalfCheetah 1,466 1,083 700 54

Table 2: The performance of the planned policies under the
reward-free RL framework corresponding to different ex-
ploratory algorithms, averaged over five runs. Random in-
dicates using a random policy as the exploratory policy. We
use o = 0.5 in MaxRenyi.

of tasks with high-dimensional observations or continuous
state-actions for the reward-free RL framework.

We also provide detailed results for Montezuma’s Re-
venge and Hopper. For Montezuma’s Revenge, we show the
result for the exploration phase in Figure 4a. We observe that
although MaxRenyi learns an exploratory policy in a reward-
free environment, it achieves reasonable performance under
the extrinsic game reward and performs better than RND and
ICM. We also provide the number of visited rooms along the
training in Appendix G, which demonstrates that our algo-
rithm performs better in terms of the state space coverage as
well. In the planning phase, we design two different sparse
reward functions that only reward the agent if it goes through
Room 3 or Room 7 (to the next room). We show the trajecto-
ries of the policies planned with the two reward functions in
red and blue respectively in Figure 4b. We see that although
the reward functions are sparse, the agent chooses the cor-
rect path (e.g., opening the correct door in Room 1 with the
only key) and successfully reaches the specified room. This
indicates that our algorithm generates good policies for dif-
ferent reward functions based on an offline planning in com-
plex environments. For Hopper, we show the t-SNE (Maaten
and Hinton 2008) plot of the state-actions randomly sam-
pled from the trajectories generated by different policies in
Figure 5. We can see that MaxRenyi generates state-actions
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Figure 5: t-SNE plot of the state-actions randomly sampled
from the trajectories generated by different policies in Hop-
per. Random policy chooses actions randomly. Expert pol-
icy is trained using PPO for 2M steps with extrinsic reward.
RND and MaxRenyi policy are trained using corresponding
algorithms without extrinsic reward.

that are distributed more uniformly than RND and overlap
those from the expert policy. This indicates that the good
performance of our algorithm in the planning phase is re-
sulted from the better coverage of our exploratory policy.

6 Conclusion

In this paper, we consider a reward-free RL framework,
which is useful when there are multiple reward functions
of interest or when we design reward functions offline. In
this framework, an exploratory policy is learned by interact-
ing with a reward-free environment in the exploration phase
and generates a dataset. In the planning phase, when the re-
ward function is specified, a policy is computed offline to
maximize the corresponding cumulative reward using the
batch RL algorithm based on the dataset. We propose a novel
objective function, the Rényi entropy over the state-action
space, for the exploration phase. We theoretically justify this
objective and design a practical algorithm to optimize for
this objective. In the experiments, we show that our explo-
ration algorithm is effective under this framework, while be-
ing more sample efficient and more robust than the previous
exploration algorithms.
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