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ABSTRACT
While many sophisticated explorationmethods have been proposed,

their lack of generality and high computational cost often lead re-

searchers to favor simpler methods like 𝜖-greedy. Motivated by this,

we introduce 𝛽-DQN, a simple and efficient exploration method

that augments the standard DQN with a behavior function 𝛽 . This

function estimates the probability that each action has been taken

at each state. By leveraging 𝛽 , we generate a population of diverse

policies that balance exploration between state-action coverage

and overestimation bias correction. An adaptive meta-controller

is designed to select an effective policy for each episode, enabling

flexible and explainable exploration. 𝛽-DQN is straightforward to

implement and adds minimal computational overhead to the stan-

dard DQN. Experiments on both simple and challenging exploration

domains show that 𝛽-DQN outperforms existing baseline methods

across a wide range of tasks, providing an effective solution for

improving exploration in deep reinforcement learning.
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1 INTRODUCTION
Exploration is considered as a major challenge in deep reinforce-

ment learning (DRL) [53, 61]. The agent needs to trade off between

exploiting current knowledge for known rewards and exploring

the environment for potential better rewards. While many complex

methods have been proposed for efficient exploration, themost com-

monly used ones are still simple methods such as 𝜖-greedy and en-

tropy regularization [5, 40, 47, 66]. We identify the possible reasons.

First, more advanced methods require meticulous hyper-parameter
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tuning and much computational cost [2, 3, 20]. Second, these meth-

ods adopt specialized inductive biases, which may achieve high

performance in specific hard exploration environments but tend to

underperform compared to simpler methods across a broad range

of domains, highlighting their lack of generality [4, 11, 55].

We improve exploration while considering the following aspects:

(1) Simplicity. We aim to achieve clear improvement while keeping

the method simple. This ensure the method is straightforward to

implement and minimizes the burden of hyper-parameters tuning.

(2) Mild Increase in Computational Cost. While prioritizing

sample efficiency in RL tasks, we aim to strike a balance that avoids

substantial increase in training time. Our goal is to develop amethod

that is both effective and efficient. (3) Generality Across Tasks.
The method should maintain generality, rather than being tailored

to specific hard exploration environments.

Motivated by these considerations, we propose 𝛽-DQN, a sim-

ple and efficient exploration method that augments the standard

DQN with a behavior function 𝛽 . The function 𝛽 represents the

behavior policy that collects data in the replay memory, estimating

the probability that each action has been taken at each state. Com-

bined with the 𝑄 function in DQN, we use 𝛽 for three purposes:

(1) Exploration for state-action coverage. Taking actions with
low probabilities based on 𝛽 encourages the agent to explore the

state-action space for better coverage; (2) Exploration for over-
estimation bias correction. Exploring overestimated actions to

get feedback and correct the overestimation bias in the 𝑄 function;

(3) Pure exploitation. Using 𝛽 to mask the 𝑄 function at unseen

actions derives a greedy policy that represents pure exploitation.

Interpolating among them allows us to construct a population of

temporally-extended policies that interleave exploration and ex-

ploitation at intra-episodic level with clear purposes [44]. We then

design a meta-controller to adaptively select an effective policy

for each episode, providing flexibility without an accompanying

hyperparameter-tuning burden.

Our method have the following advantages: (1) We only ad-

ditionally learn a behavior function, which is straightforward to

implement and computationally efficient compared to previous

methods [2, 33]. (2) When constructing diverse polices, we do

not inject inductive biases specialized for one specific task, mak-

ing the method general and applicable across a wide range of do-

mains. (3) Our method interleaves exploitation and exploration at

the intra-episodic level, carries out temporal-extended exploration,

and is state-dependent, which is considered the most effective ap-

proach [15, 41, 44]. We report promising results on dense-reward
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MinAtar [62] and sparse-reward MiniGrid [13], demonstrating that

our method significantly enhances performance and exhibits broad

applicability in both easy and hard exploration domains.

2 RELATEDWORK
Reinforcement learning (RL) is known for learning through trial

and error [17, 53]. If a state-action pair has not been encountered,

it cannot be learned [44], making exploration a central challenge

in RL. The most commonly used exploration strategies are simple

dithering methods like 𝜖-greedy and entropy regularization [27, 40,

47, 63, 67]. While these methods are general, they are often ineffi-

cient because they are state-independent and lack temporal persis-

tence [44, 61]. Therefore, inducing a consistent, state-dependent

exploration policy over multiple time steps has been a key pursuit

in the field [15, 18, 31, 41, 44, 48, 49].

Temporally-Extended Exploration. Bootstrapped DQN [41]

induces temporally-extended exploration by building𝐾 bootstrapped

estimates of the Q-value function in parallel and sampling a sin-

gle 𝑄 function for the duration of one episode. The computational

cost increases linearly with the number of heads 𝐾 . Temporally-

extended 𝜖-Greedy (𝜖z-greedy) [15] simply repeats the sampled

random action for a random duration, but its exploration remains

state-independent. Our method, based on the behavior function

𝛽 , induces temporally-extended exploration by selecting actions

according to state-dependent probabilities.

Besides adding temporal persistence to the exploration policy

explicitly, another line of work involves adding exploration bonuses

to the environment reward [7, 26, 30, 37, 38, 42, 51, 56, 68]. These

bonuses are designed to encourage the agent to visit states that are

novel. The count-based exploration bonus encourages the agent

to visit states with low visit counts [7, 42, 56]. Prediction error-

based methods, such as the Intrinsic Curiosity Module (ICM) [43]

and Random Network Distillation (RND) [3, 11], operate on the

intuition that the prediction error will be low on states that are

previously visited and high on newly visited states. These methods

are designed to tackle difficult exploration problems and usually

perform well in hard exploration environments. However, they

often underperform compared to simple methods like 𝜖-greedy

in easy exploration environments [55], highlighting their lack of

generality. In contrast, our method is designed to be general and

applicable across a wide range of tasks.

Population-based Exploration. Recent promising works tried

to handle the exploration problem using population-based methods,

which collect samples with diverse behaviors derived from a popu-

lation of different exploratory policies [1, 2, 19, 20, 32, 33, 52]. These

methods have demonstrated powerful performance, outperforming

the standard human benchmark on all 57 Atari games [8]. They

maintain a group of diverse actors with independent parameters,

build distributed systems, and interact with the environment over

billions of frames. While these methods achieve significant perfor-

mance gains, their computational cost is substantial and often unaf-

fordable in practice. This widens the gap between researchers with

ample access to computational resources and those without [12].

𝛽-DQN introduces a population of diverse policies with minimal

computational overhead, making it much more accessible. Our goal

is to absorb the strengths of existing population-based methods

and design an effective approach with a low computational cost.

3 BACKGROUND
MarkovDecisionProcess (MDP).Reinforcement learning (RL) [53]

is a paradigm of agent learning via interaction. It can be modeled

as a Markov Decision Process (MDP)M = (S,A, 𝑅, 𝑃, 𝜌0, 𝛾). S is

the state space, A is the action space, 𝑃 : S × A × S → [0, 1] is
the environment transition dynamics, 𝑅 : S × A × S → R is the

reward function, 𝜌0 : S → R is the initial state distribution and

𝛾 ∈ (0, 1) is the discount factor. The goal of the agent is to learn an

optimal policy that maximizes the expected discounted cumulative

rewards E[∑∞𝑡=0
𝛾𝑡𝑟𝑡 ].

Deep Q-Network (DQN). Q-learning is a classic algorithm to

learn the optimal policy. It learns the 𝑄 function with Bellman

optimality equation [9], 𝑄∗ (𝑠, 𝑎) = E[𝑟 + 𝛾 max𝑎′ 𝑄
∗ (𝑠′, 𝑎′)]. An

optimal policy is then derived by taking an action with maximum

𝑄 value at each state. DQN [40] scales up Q-learning by using deep

neural networks and experience replay [36]. It stores transitions in

a replay memory and samples batches of data uniformly to estimate

an action-value function𝑄𝜃 with temporal-difference (TD) learning:

𝑄𝜃 (𝑠, 𝑎) ← 𝑟 (𝑠, 𝑎) + 𝛾 max

𝑎′
𝑄𝜃 (𝑠′, 𝑎′) . (1)

A target network with parameters 𝜃¯
copies the parameters from 𝜃

only every 𝐶 steps to stabilize the computation of learning target

𝑦 = 𝑟 (𝑠, 𝑎) + 𝛾 max𝑎′ 𝑄𝜃 ¯ (𝑠′, 𝑎′).

4 METHOD
Drawing from insights introduced in Section 2, promising explo-

ration strategies should be state-dependent, temporally-extended,

and consist of a set of diverse policies. Keeping simplicity and gen-

erality in mind, we design an exploration method for DQN that

performs well across a wide range of domains and is computation-

ally affordable for the research community. We additionally learn

a behavior function 𝛽 and construct a set of policies that balance

exploration between state coverage and bias correction. A meta-

controller is then designed to adaptively select a policy for each

episode. In Section 4.1, we introduce how to learn the behavior

function 𝛽 and augment it with the 𝑄 function for three purposes:

exploration for state-action coverage, exploration for overestima-

tion bias correction, and pure exploitation. In Section 4.2, we derive

a set of policies by interpolating exploration and exploitation at the

intra-episodic level. Based on this policy set, we design an adaptive

meta-controller in Section 4.3 to choose an effective policy for in-

teracting with the environment in each episode. Figure 1 provides

an overview of our method.

4.1 Behavior Function 𝛽
Learning the behavior function 𝛽 is straightforward. We sample a

batch of data 𝐵 from the replay memory and train a network using

supervised learning with cross entropy loss:

L𝛽 = − 1

|𝐵 |
∑︁
(𝑠,𝑎) ∈𝐵

log 𝛽 (𝑠, 𝑎) . (2)

𝛽 represents an average of the policies that collect data in the replay

memory. It estimates the probability of each action that has been
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Figure 1: Method overview. We learn a behavior function 𝛽 from the replay memory and augment it with the 𝑄 function for
three purposes: state-action coverage (left), pure exploitation (middle), and overestimation correction (right). By interpolating
between these strategies, we construct a policy set that balances exploration and exploitation at the intra-episodic level. A
meta-controller adaptively selects a policy for each episode.

taken at each state. We use the same data batch to learn 𝛽 and 𝑄 ,

thus incurring no additional computational cost for sampling.

Exploration for State-Action Coverage. 𝛽 differentiates be-

tween actions that are frequently taken and those that are rarely

taken. We sample actions with probabilities lower than a threshold

𝛿 to explore the state-action space for better coverage:

𝑎 ∼ Unif{𝑎 : 𝛽 (𝑎 |𝑠) ≤ 𝛿} (3)

Here, Unif(·) denotes selecting an action randomly from a given

set, and 𝛿 ∈ [0, 1] is a parameter. This policy is purely exploratory,

focusing on better state-action coverage without considering the

rewards obtained.

Exploration for Overestimation Bias Correction. Valued-
based methods such as DQN estimate an action-value function 𝑄

with temporal-difference (TD) learning with Equation (1). The max-

imum operator in the Bellman update may lead to overestimation

of action values [22, 57]. The greedy policy based on 𝑄 ,

𝑎 = arg max

𝑎
𝑄 (𝑠, 𝑎), (4)

is an optimistic policy that may take erroneously overestimated

actions. This can be one kind of exploration that induces corrective

feedback to mitigate biased estimation in 𝑄 function [34, 46].

An alternative way to benefit from 𝛽 is constraining the learning

to in-sample state-action pairs [6, 60, 64, 65]:

𝑄 (𝑠, 𝑎) ← 𝑟 + 𝛾 max

𝑎′ :𝛽 (𝑎′ |𝑠′ )>𝜖
𝑄 (𝑠′, 𝑎′) . (5)

The max operator only bootstraps from actions well-supported in

the replay memory, determined by 𝛽 (𝑠, 𝑎) > 𝜖 , where 𝜖 is a small

number. Because the data coverage in the replay memory is limited

to a tiny subset of the entire environment space, when combing

with deep neural networks, Equation (5) learns an in-sample estima-

tion at existing state-action pairs and generalizes to missing data.

While it may still overestimate out-of-distribution state-action pairs,

leading to unrealistic values and inducing exploration to correct

the bias, an additional benefit is that the learning process becomes

more stable and exhibits better convergence properties.

Proposition 4.1. In the tabular case with finite state action space
S × A, the temporal difference learning masked by 𝛽 given in Equa-
tion (5) uniquely converges to the optimal in-sample value 𝑄∗ on
explored state-action pairs. When 𝛽 (𝑎 |𝑠) > 𝜖 for all 𝑎 ∈ A, 𝑄∗

equals to𝑄∗, which recovers the original temporal difference learning
without action mask in Equation (1).

We prove the convergence of Equation (5) by showing that the

update rule is a 𝛾-contraction mapping. The contraction property

ensures that the update rule converges to a unique fixed point. The

proof is provided in Appendix A.

This indicates that if the state-action space is fully covered, the

two update rules are equivalent. When there are missing transi-

tions, Equation (5) converges on the explored state-action pairs. In

contrast, Equation (1) does not guarantee convergence even for the

explored state-action pairs, as shown in previous work [23].

Pure Exploitation. Although the 𝑄 function may overestimate,

the behavior function 𝛽 can differentiate between frequently and

rarely taken actions. By combining 𝑄 with 𝛽 , we can mask actions

with low probabilities in 𝛽 before taking the greedy action of 𝑄 :

𝑎 = arg max𝑎:𝛽 (𝑎 |𝑠 )>𝜖𝑄 (𝑠, 𝑎), (6)

where 𝜖 is a small number. This policy is purely exploitative, aiming

to maximize rewards based on the current experiences stored in

the replay memory.

4.2 Constructing Policy Set
Previous work [44] has shown that intra-episodic exploration, i.e.,

changing the mode of exploitation and exploration in one episode,

is the most promising diagram. With the three policies in Equa-

tions (3), (4) and (6) with clear purposes, we interpolate exploration

and exploitation at the intra-episodic level to construct a set of

diverse policies that balance exploration between state coverage

and overestimation bias correction.

Polices for State-Action Coverage. One leaving question in

Equation (3) is which action to take when all actions have prob-

abilities higher than 𝛿 . We address this by interpolating the pure
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exploitation policy from Equation (6) into the exploration policy in

Equation (3) to create a policy that enhances state-action coverage:

𝜋
cov(𝛿 ) :=

{
arg max𝑎:𝛽 (𝑎 |𝑠 )>𝜖𝑄 (𝑠, 𝑎), if 𝛽 (𝑠, 𝑎) > 𝛿 ∀ 𝑎 ∈ A
Unif{𝑎 : 𝛽 (𝑎 |𝑠) ≤ 𝛿}, otherwise

(7)

The intuition behind 𝜋
cov(𝛿 ) is straightforward: if all actions at a

state have been tried several times, we follow the pure exploitation

mode to choose actions and reach the boundary of the explored

area. Otherwise, we sample an action uniformly from the rarely

taken actions, as determined by 𝛿 .

Proposition 4.2. In the tabular case with finite state action space
S × A and finite horizon 𝐻 , taking actions following policy 𝜋cov(𝛿 )
guarantees infinite state-action visitations for all state action pairs.
However, the expected cumulative regret is linear.

We prove this proposition by first demonstrating its validity

on bandit problems and then extending the proof to MDPs. The

detailed proof is provided in Appendix A.

Selecting actions according to 𝜋
cov(𝛿 ) ensures that all state-

action pairs are visited infinitely often in the long run, guaranteeing

the convergence of value iteration in the tabular case [50, 58]. By

setting different values of 𝛿 , we obtain a range of policies with

varying degrees of exploration. Specifically, 𝜋
cov(0) is the pure ex-

ploitation policy as defined in Equation (6), while 𝜋
cov(𝛿 ) becomes

a random policy when 𝛿 ≥ 1/|A|.
Proposition 4.2 also indicates that the total regret is linear if we

only follow 𝜋
cov(𝛿 ) to choose actions. An excessive amount of steps

can be wasted traveling through already-explored but unpromising

states, reducing overall efficiency. Since the goal of learning is to

obtain an accurate action value function, we design exploration to

try overestimated actions and correct the estimation bias.

Polices for Overestimation Bias Correction.Action value-based
algorithms are known to overestimate action values [22, 57]. Accu-

rate value estimation is critical for extracting a good policy in DRL.

We interpolate between the overestimated policy in Equation (4)

and the pure exploitation policy in Equation (6) to create a policy

that explores overestimated actions for corrective feedback:

𝜋cor(𝛼 ) = arg max

𝑎
(𝛼𝑄 (𝑠, 𝑎) + (1 − 𝛼)�̂� (𝑠, 𝑎)). (8)

Here, �̂� is the value function where we suppress the overestimated

action values identified by 𝛽 ,

�̂� (𝑠, 𝑎) =
{
𝑄 (𝑠, 𝑎), if 𝛽 (𝑠, 𝑎) > 𝜖
min𝑎∈A 𝑄 (𝑠, 𝑎), otherwise

(9)

The intuition is to follow the current best actions at some states

while exploring overestimated actions at others. The parameter

𝛼 ∈ [0, 1] allows us to set different values to obtain policies with

varying degrees of exploration for bias correction. Specifically,

𝜋
cor(0) recovers the pure exploitation policy in Equation (6), and

𝜋
cor(1) recovers the overestimated policy in Equation (4).

Constructing Policy Set. By setting different values for 𝛿 and

𝛼 , we generate a policy set Π that ranges from exploration for better

state-action coverage to overestimation bias correction:

Π =
{
𝜋
cov(𝛿1 ) , · · · , 𝜋cov(𝛿𝑚 ) , 𝜋cor(𝛼1 ) , · · · , 𝜋cor(𝛼𝑛 )

}
. (10)

Algorithm 1 𝛽-DQN

1: Initialize replay memory D with fixed size

2: Initialize functions 𝛽,𝑄 and construct policy set Π following

Equations (7), (8) and (10)

3: for episode 𝑘 = 0 to 𝐾 do
4: Select a policy 𝜋 according to Equation (12)

5: Initialize the environment 𝑠0 ← 𝐸𝑛𝑣

6: for environments step 𝑡 = 0 to 𝑇 do
7: Select an action 𝑎𝑡 ∼ 𝜋 (·|𝑠𝑡 )
8: Execute 𝑎𝑡 in 𝐸𝑛𝑣 and get 𝑟𝑡 , 𝑠𝑡+1
9: Store transition (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1) in D
10: Update 𝛽 and 𝑄 following Equations (2) and (5)

11: end for
12: end for

This policy set does not inject specialized inductive biases, making

it a general method across a wide range of tasks. Additionally, the

computational cost does not increase when adding more policies

with different 𝛿 and 𝛼 values.

4.3 Meta-Controller for Policy Selection
After constructing a set of policies, we need to select an effective

policy to interact with the environment for each episode. Similar

to previous work [2, 19, 20, 33], we consider the policy selection

problem as a non-stationary multi-armed bandit (MAB) [24, 35],

where each policy in the set is an arm. We design a meta-controller

to select policies adaptively.

Assume there are𝑁 policies in the policy setΠ = {𝜋0, · · · , 𝜋𝑁−1}.
For each episode 𝑘 ∈ N, the meta-controller selects a policy𝐴𝑘 = 𝜋𝑖
and receives an episodic return 𝑅𝑘 (𝐴𝑘 ). Our objective is to obtain

a policy 𝜋 that maximizes the return within a given interaction

budget 𝐾 .

Due to the non-stationarity of the policies, we consider the re-

cent 𝐿 < 𝐾 results. Let 𝑁𝑘 (𝜋𝑖 , 𝐿) be the number of times policy 𝜋𝑖
has been selected after 𝑘 episodes, and 𝜇𝑘 (𝜋𝑖 , 𝐿) be the mean return

𝜋𝑖 obtained by 𝜋𝑖 . We design a bonus 𝑏 to encourage exploration.

An action is considered exploratory if it differs from the pure ex-

ploitation action taken by Equation (6). The exploration bonus for

policy 𝜋𝑖 is computed as:

𝑏𝑘 (𝜋𝑖 , 𝐿) =
1

𝑁𝑘 (𝜋𝑖 , 𝐿)

𝑘−1∑︁
𝑚=max(0,𝑘−𝐿)

𝐵𝑚 (𝜋𝑖 )I(𝐴𝑚 = 𝜋𝑖 ), (11)

where 𝐵𝑚 (𝜋𝑖 ) computes the ratio of exploration actions taken by

policy 𝜋𝑖 at episode𝑚 and I(·) is the indicator function.
To select a policy for episode 𝑘 , we consider the return and

exploration bonus of each policy within the sliding window 𝐿:

𝐴𝑘 =

{
𝜋𝑖 , if 𝑁𝑘 (𝜋𝑖 , 𝐿) = 0,

arg max𝜋𝑖 (𝜇𝑘 (𝜋𝑖 , 𝐿) + 𝑏𝑘 (𝜋𝑖 , 𝐿)), otherwise.

(12)

In this formula, if a policy has not been selected in the last 𝐿

episodes, we will prioritize selecting that policy. Otherwise, the

policy that explores more frequently and also gets higher returns

is preferred. Algorithm 1 summarizes our method.
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Figure 2: (a) The first image shows the state-action pairs in memory. It implies that taking actions with low probabilities
according to 𝛽 will trymissing actions. The second and third images show themasked/unmasked Q values and the corresponding
actions. (b) Policies with different 𝛿 and 𝛼 , demonstrating the effectiveness of our method in constructing a diverse policy set.

DQN’s coverage during learning

𝛽-DQN’s coverage during learning

2k 5k 10k 20k 

Figure 3: Details during the learning. (1) The top left learning curves show that 𝛽-DQN successfully reaches the goal state, while
DQN only avoids the cliff. (2) The heatmaps illustrate that 𝛽-DQN explores the entire state space efficiently. (3) The top right
curves show that 𝛽-DQN initially uses 𝜋cov for state space exploration, then switches to 𝜋cor for correcting biased estimations.

5 EXPERIMENTS
In this section, we aim to answer the following questions:

• Does our method lead to diverse exploration, thereby enhancing

the learning process and overall performance?

• Can 𝛽-DQN improve performance in both dense and sparse re-

ward environments while maintaining a low computational cost?

• How do the exploration policies 𝜋cov and 𝜋cor contribute to the

learning process in different environments?

• Is there a difference when learning 𝑄 with constraints imposed

by 𝛽 compared to without such constraints?

5.1 A Toy Example
In this section, we present a toy example using the CliffWalk en-

vironment [53], to illustrate the policy diversity and the learning

efficacy of our method. The CliffWalk environment comprises 48

states and 4 actions, as depicted in Figure 2. Starting from the bot-

tom left, the goal is to navigate to state G located at the bottom

right. Reaching G yields a reward of 1, while falling into the cliff

incurs a penalty of -1; all other moves have a reward of 0.

For a clear illustration of policy diversity, we design a scenario

with only one suboptimal trajectory in the replay memory (the

left image in Figure 2(a)). The function 𝛽 , learned from this tra-

jectory, assigns a probability of 1 to the only existing action at

each state, while assigning zero probabilities to other actions. The

second and third images in Figure 2(a) show the action values

masked/unmasked by 𝛽 , and the corresponding actions taken at

each state. This gives us a clear understanding of what actions are

taken by different policies introduced in Section 4.1.

In Figure 2(b), by assigning different values to 𝛿 and 𝛼 , we gener-

ate a group of diverse policies. Each policy takes different actions,

leading to novel states or those with biased estimates. Colors are

used to differentiate actions and illustrate policy diversity. This

indicates that our method can create a diverse set of policies by

simply interpolating between exploration and exploitation policies.
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Table 1: Overall performance on MiniGrid (Success Rate in [0, 1]) and MinAtar (Episode Return). Bold numbers indicate the
method that achieves the best performance. Our method outperforms others in most games with a mild computational cost.

Environment DQN Bootstrapped DQN 𝜖z-greedy RND LESSON 𝛽-DQN (Ours)

MiniGrid

DoorKey 0.44 0.11 0.0 0.99 0.86 0.98

Unlock 0.22 0.17 0.0 0.95 0.64 0.99
SimpleCrossing-Easy 1.0 1.0 0.95 0.95 0.97 0.99

SimpleCrossing-Hard 1.0 0.81 0.05 0.93 0.6 1.0
LavaCrossing-Easy 0.29 0.66 0.26 0.68 0.75 0.84
LavaCrossing-Hard 0.0 0.01 0.0 0.39 0.06 0.16

Average 0.49 0.46 0.21 0.82 0.65 0.83

MinAtar

Asterix 22.78 22.54 18.79 13.4 18.43 39.09
Breakout 16.69 21.88 19.06 14.1 17.71 29.04
Freeway 60.78 59.94 59.68 49.26 54.38 62.56
Seaquest 14.66 14.31 16.98 5.61 9.41 33.23

SpaceInvaders 67.28 69.91 68.7 31.58 55.94 98.28
Average 36.44 36.55 36.64 22.79 31.17 52.44

Computational Cost 100% 195.34 % 94.32 % 152.57 % 371.07 % 138.78 %

Performance/Computational Cost 1 0.50 0.76 0.75 0.29 1.13

Figure 3 further details the online learning process. In the top

left, the learning curves show 𝛽-DQN outperforms standard DQN

by reaching the goal state and obtaining the reward, while DQN

primarily learns to avoid the cliff without reaching the goal. This dis-

tinction is further illustrated in state coverage shown in the images

below. Unlike DQN, which avoids areas near the cliff, 𝛽-DQN con-

sistently explores the entire state space, including the challenging

regions near the cliff and the goal state. Regarding policy selection,

the top right image indicates that 𝛽-DQN initially favors space

coverage strategies (𝜋cov). Once good coverage is achieved, the

exploration shifts towards bias correction strategies (𝜋cor) in this

sparse reward environment. This strategic shift highlights 𝛽-DQN’s

adaptability in optimizing exploration to enhance overall learning

performance in challenging settings. For a broader perspective, an

additional example is provided in Appendix D Figure 12.

5.2 Overall Performance
Environments. We evaluate our method on MiniGrid [14] and

MinAtar [62] based on the OpenAI Gym interface [10]. MiniGrid

presents numerous tasks in a grid world, characterized by sparse

rewards that pose significant challenges in achieving high success

rates. MinAtar is an image-based miniaturized version of Atari

games [8], preserves the core mechanics of the original games

while significantly enhancing processing speed, which facilitates

faster model training. In MiniGrid, maps are randomly generated

in each episode, and in MinAtar, object placements vary across

different time steps, necessitating robust policy generalization. For

the evaluation metrics, MiniGrid measures the success rate between

0 and 1, while MinAtar employs episode return.

Baselines and Implementation Details. We compare 𝛽-DQN

with DQN [40], Bootstrapped DQN [41], 𝜖z-greedy [15], RND [11],

and LESSON [33]. These algorithms are derivatives of DQN, dif-

fering primarily in their exploration strategies. RND targets en-

vironments with sparse rewards, while the others are general for

all kinds of domains. A policy gradient method [47] is included

as a reference in Appendix D Figure 13. For fair comparison, we

use the same network architecture for all algorithms as used in

MinAtar [62]. Learning rates for the baselines are searched over

{3𝑒−4, 1𝑒−4, 3𝑒−5}, reporting the highest performance achieved.

Our approach introduces additional hyper-parameters, yet employs

a consistent parameters set across all environments. We instan-

tiate the policy set as Π = {𝜋
cov(0.05) , 𝜋cov(0.1) , 𝜋cor(0) , 𝜋cor(0.1) ,

𝜋
cor(0.2) , · · · , 𝜋cor(1) }. For the parameter 𝐿, we search over {100,

500, 1000, 2000} on SimpleCrossing-Easy and Asterix. We find no

significant differences between 500, 1000 and 2000, but observe

lower performance for 𝐿 = 100. Based on these results, we fix

𝐿 = 1000 for all environments. For the parameter 𝜖 , we use a fixed

value of 𝜖 = 0.05, with the sensitivity analysis provided in Appen-

dix D Figure 18. Other common parameters are outlined in Appen-

dix B Table 2. Each algorithm is assessed using 10 different random

seeds, with each run consisting of 5 million steps. Performance

evaluation occurs every 100k steps over 30 episodes.

Performance. The final performance is presented in Table 1,

displaying the mean success rate on MiniGrid and mean return

on MinAtar. Our method consistently outperforms others across a

diverse range of environments, effectively addressing both dense

and sparse reward scenarios. Bootstrapped DQN shows modest

improvement on MinAtar and MiniGrid, indicating its generality

but limited improvement on performance. However, 𝜖𝑧-greedy fails

to deliver significant improvements on MinAtar and suffers a sub-

stantial decrease on MiniGrid, as repetitive unguided actions often

result in the agent colliding with obstacles, thereby squandering

numerous trials. This inefficiency underscores the limitations of

state-independent exploration, even when augmented by temporal

persistence. RND excels in sparse reward settings but is the least

effective on MinAtar, highlighting its lack of versatility. LESSON,

while somewhat improving MiniGrid, performs poorly on MinAtar

and incurs a significantly higher computational cost (371%) com-

pared to DQN. In contrast, our method increases computational

demand by only 38%. 𝜖𝑧-greedy run slightly faster than DQN by

selecting random actions for random durations, reducing demands

on the 𝑄 network’s inference.
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Figure 4: Policy selection varies across different tasks. In
simple (LavaCrossing-Easy) or dense reward (Asterix) tasks,
exploration primarily corrects estimation biases. In harder
tasks (LavaCrossing-Hard), two types of exploration alter-
nate, leading to a more complex policy selection strategy.

The last row of Table 1 highlights the performance/computational-

cost ratio, which considers both performance and computational

cost. The ratio is calculated as the performance divided by the com-

putational cost relative to DQN. Our method achieves the highest

value of 1.13, indicating superior performance relative to compu-

tational cost, while other methods fall short. In summary, 𝛽-DQN

proves to be general, effective, and computationally efficient. De-

tailed learning curves, including mean values and confidence inter-

vals, are provided in Figure 13 of Appendix D.

5.3 Analysis of Our Method
Our method construct two types of exploration polices in our policy

set based on the behavior function 𝛽 : 𝜋cov for state-action coverage

and 𝜋cor for overestimation bias correction. A meta-controller is

then used to select an effective policy for each episode. We explore

several interesting questions: (1) What type of policy in the policy

set is preferred by the meta-controller during learning? (2) Which

policy performs better, arg max𝑎 𝑄 or arg max𝑎:𝛽 (𝑎 |𝑠 )>𝜖𝑄 (𝑠, 𝑎)?
Policy Selection During Learning. For the first question, we il-

lustrate the selection proportions of the two types of polices within

the siding window 𝐿 during the learning process in Figure 4. We

group {𝜋
cov(0.05) , 𝜋cov(0.1) } together as 𝜋cov for state-action cover-

age, and {𝜋
cor(0.1) , 𝜋cor(0.2) , · · · , 𝜋cor(1) } together as 𝜋cor for over-

estimation bias correction. We leave 𝜋
cor(0) in Appendix D.3 Fig-

ure 14, as it is a pure exploitation policy.

In simple environments such as LavaCrossing-Easy and dense

reward environments such as Asterix, exploring for bias correction

plays a more significant role. This suggests that exploring some

overestimated actions is sufficient to achieve good performance,

without the need to focus extensively on discovering hard-to-reach

rewards. In contrast, in hard exploration environments such as

LavaCrossing-Hard, the two types of policies interleave, resulting
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Figure 5: The performance of the three basic polices.
arg min𝑎 𝛽 learns nothing since it does not consider rewards.
arg max𝑎:𝛽>𝜖𝑄 chooses in-sample greedy actions and per-
forms the best. arg max𝑎 𝑄 takes greedy actions among the
entire action space and may take overestimated actions.

in a more intricate selection pattern. This indicates that relying

on a single type of policy may not be enough to achieve good

performance in hard exploration environments. Novel states require

effort to explore, and overestimated state-actions also need to be

corrected.

In summary, our method dynamically selects the exploration

policy based on the environment. In simple environments, it is usu-

ally more beneficial to find low-hanging-fruit rewards rather than

spending much effort exploring novel areas. In hard exploration

environments, state-novelty exploration plays a more important

role in finding new states with high rewards. This policy selection

mechanism parallels the principles of depth-first search (DFS) and

breadth-first search (BFS). When encountering positive rewards,

our approach adopts a depth-first exploration, delving deeper into

the discovered areas for further exploration. Conversely, in the

absence of immediate rewards, we shift towards a breadth-first

strategy, exploring widely in search of promising areas.

Polices Performance in the Policy Set. For the second ques-

tion, we show the performance of the three basic polices defined in

Equations (3), (4) and (6), which form the basis of our policy set.

As shown in Figure 5, the policy arg min𝑎 𝛽 always selects ac-

tions with the lowest probability, disregarding performance and

thus learning nothing. The policy arg max𝑎:𝛽 (𝑎 |𝑠 )>𝜖𝑄 (𝑠, 𝑎) chooses
greedy actions that are well-supported in the replay memory and

performs the best. The policy arg max𝑎 𝑄 takes greedy actions

across the entire action space, which may take overestimated ac-

tions, resulting in performance that is not as good as the policy

arg max𝑎:𝛽 (𝑎 |𝑠 )>𝜖𝑄 (𝑠, 𝑎). This result aligns with our expectations,

highlighting the distinct purposes of the three basic policies.

In some environments such as SimpleCrossing-Hard, arg max𝑎 𝑄

performs similar to arg max𝑎:𝛽 (𝑎 |𝑠 )>𝜖𝑄 (𝑠, 𝑎). This indicates that the
space has been fully explored and there is little estimation bias in
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Figure 6: No significant difference is observed between two
separate 𝑄 functions and a single 𝑄 function.

the𝑄 function. In contrast, in environments such as SpaceInvaders,

there is a significant performance gap between arg max𝑎 𝑄 and

arg max𝑎:𝛽 (𝑎 |𝑠 )>𝜖𝑄 (𝑠, 𝑎). This suggests that many underexplored,

overestimated actions still need correction.

5.4 Ablation Studies
In this section, we study two questions: (1) Is there a difference

when learning the 𝑄 function with and without the constraint of

𝛽? (2) Since we can set different values for 𝛿 and 𝛼 to construct the

policy set, what is the influence of the policy set size?

Learning Two Separate𝑄 Functions. In our method, we learn

a single 𝑄 function using Equation (5). Taking the argmax of 𝑄

yields an optimistic policy that explores for overestimation bias

correction. Masking 𝑄 with 𝛽 before taking the argmax provides

a pure exploitation policy. The intuition is that while Equation (5)

offers a conservative estimate based on in-distribution data, it may

still overestimate at unseen state-action pairs. The practical benefit

is that learning one 𝑄 function is more computationally efficient.

An alternative approach is to learn two separate𝑄 functions: one

for conservative estimation and the other for optimistic estimation.

The conservative 𝑄 is learned with the constraint of 𝛽 and then

masked to obtain the pure exploitation policy. The optimistic 𝑄 is

learned without the constraint, and the argmax is taken to derive

the optimistic policy and try overestimated actions.

We compare the performance of these two approaches in Figure 6.

We find no significant performance difference across environments,

indicating that learning a single 𝑄 function is sufficient to achieve

both conservative and optimistic estimations while being more

computationally efficient.

Size of Policy Set. One benefit of our method is that we can

construct policy sets of varying sizes without increasing computa-

tional cost. By adding different 𝛿 and 𝛼 , we can create larger policy

set. We construct policy sets of different sizes and compare their

performance, as shown in Figure 7.
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Figure 7: The influence of the policy set size. Performance
improves as the policy set size increases, with significant
gains observed when all three basic functions are included.

The policies 𝜋
cov(0.05) , 𝜋cor(0) , 𝜋cor(1) indicate that there is only

one policy. And others show the size of the policy set. Size 8 de-

notes the policy set Π = {𝜋
cov(0.05) , 𝜋cov(0.1) , 𝜋cor(0) , 𝜋cor(0.2) ,

𝜋
cor(0.4) ,· · · , 𝜋cor(1) }. Size 13 denotes the policy setΠ = {𝜋

cov(0.05) ,
𝜋
cov(0.1) , 𝜋cor(0) , 𝜋cor(0.1) , 𝜋cor(0.2) , · · · , 𝜋cor(1) }, which we used

in our main results. Size 23 denote the policy set Π = {𝜋
cov(0.05) ,

𝜋
cov(0.1) , 𝜋cor(0) , 𝜋cor(0.05) , 𝜋cor(0.1) , · · · , 𝜋cor(1) }.
We find that 𝜋

cov(0.05) does not learn effectively in most of envi-

ronments, indicating that solely focusing on state-action coverage

does no benefit learning. This may be because novel states do not

always correlate with improved rewards [7, 49]. Although both

𝜋
cor(0) and 𝜋cor(1) learn something, they perform worse than a

larger policy set. This suggests that a single policy is insufficient for

achieving good performance due to the lack of diverse exploration.

In contrast, combining the three basic polices results in significant

performance gains with larger policy set sizes, emphasizeing the

importance of diverse exploration.Whenwe increase the policy size

to 13 and 23, there is no significant difference. This may indicate

the diversity is similar in this two policy sets.

6 CONCLUSION
In this paper, we enhance exploration by constructing a group of di-

verse polices through the additional learning of a behavior function

𝛽 from the replay memory using supervised learning. With 𝛽 , we

create a set of exploration policies that range from exploration for

state-action coverage to overestimation bias correction. An adap-

tive meta-controller is then designed to select the most effective

policy for interacting with the environment in each episode. Our

method is simple, general, and adds minimal computational over-

head to DQN. Experiments conducted on MinAtar and MiniGrid

demonstrate that our method is effective and broadly applicable in

both easy and hard exploration tasks. Future work could extend

our method to environments with continuous action spaces.
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