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Abstract
Off-policy reinforcement learning for control has made great strides in terms of performance and
sample efficiency. We suggest that for many tasks the sample efficiency of modern methods is
now limited by the richness of the data collected rather than the difficulty of policy fitting. We
examine the reasons that directed exploration methods in the bonus-based exploration (BBE)
family have not been more influential in the sample efficient control problem. Three issues have
limited the applicability of BBE: bias with finite samples, slow adaptation to decaying bonuses, and
lack of optimism on unseen transitions. We propose modifications to the bonus-based exploration
recipe to address each of these limitations. The resulting algorithm, which we call UFO, produces
policies that are Unbiased with finite samples, Fast-adapting as the exploration bonus changes, and
Optimistic with respect to new transitions. We include experiments showing that rapid directed
exploration is a promising direction to improve sample efficiency for control.

1. Introduction
Recent progress in reinforcement learning (RL) for continuous control has led to significant improvements in sample efficiency and performance. While earlier on-policy algorithms required hundreds of
millions of environment steps to solve simple tasks (Mnih et al., 2016; Schulman et al., 2015, 2017),
recent off-policy algorithms have brought the sample efficiency of model-free control within range of
solving tasks on real robots (Popov et al., 2017; Kalashnikov et al., 2018; Haarnoja et al., 2018a;
Fujimoto et al., 2018; Haarnoja et al., 2018b; Abdolmaleki et al., 2018).
The fundamental aspect allowing this improvement lies in the difference between on-policy and
off-policy methods. I.e. for every policy update, on-policy algorithms require enough new samples
from the environment to make each update. By contrast, off-policy algorithms decouple data collection
from policy updates: they can use data that was collected by a previous version of the policy, or
even a separate exploration policy. This means that an off-policy update only requires that enough
useful data has been collected from the environment in total.
In this paper, we suggest that with this ability to reuse data, the sample efficiency of modern
off-policy RL algorithms is now limited by the richness of the data they collect rather than by the
absolute number of samples. This places a heavy emphasis on the speed with which this rich data
can be collected by the behavior policy. This is the role of exploration, which has been studied
extensively in deep reinforcement learning (Stadie et al., 2015; Osband et al., 2016; Houthooft et al.,
2016; Pathak et al., 2017; Tang et al., 2017; Burda et al., 2018; Fortunato et al., 2018; Plappert et al.,
2018; Osband et al., 2019; Badia et al., 2020; Machado et al., 2020; Rashid et al., 2020; Dean et al.,
2020). However, existing techniques have largely failed to influence deep RL outside the domain of
so-called “hard exploration problems.” Indeed, across commonly used benchmarks these methods
often yield no improvements over ε-greedy (Taiga et al., 2020).
∗. Work done during an internship at DeepMind.
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Much of the prior work on exploration falls into the bonus-based exploration (BBE) family of
algorithms, where a standard RL algorithm is used to learn a policy for a Markov decision process
(MDP) augmented with an exploration bonus. The policy attempts to maximize the sum of the
environment rewards and the exploration bonus, while the exploration bonus decreases over the
course of training. For the sample-efficient control setting, the standard BBE recipe for exploration
has three main limitations: (1) it optimizes a single policy on a sum of exploration bonus and task
rewards, leading to a policy which is biased after any finite number of samples; (2) it fails to adapt
its policy and rewards within a single episode, leading to wasted samples; and (3) it provides no
mechanism to encourage the agent to take transitions it has never seen.
We propose to address these issues with three modifications to the BBE recipe. First, we separate
the learning of an unbiased task policy, which always estimates the optimal policy on the true task
of interest, from an exploration policy, which optimizes the exploration objective. This removes
the bias from the task policy, allowing it to perform well even before the exploration rewards go to
zero. Second, we note that the exploration MDP is, by necessity, non-stationary; because that the
reward for a particular transition (s, a, s0 ) decreases on successive visits. Therefore to maximize the
exploration reward within an episode (and thus also the amount of exploration), we propose that the
exploration policy should be fast-updating, ideally optimized to convergence after every environment
step. This allows the exploration policy to visit an unseen state, mark it as seen, and proceed to
the next unseen state, rather than getting stuck on the first novel state it observes. Third, we use
an optimistic update to incentivize the agent to reach and take transitions which it has never seen
before. Taken together, these modifications to BBE yield a new algorithm for exploration, which we
call UFO: unbiased, fast-adapting, optimistic.
We provide experiments on simple problems using a count-based exploration reward. Our results
show that these improvements result in faster coverage of the state space and better sample efficiency
for policy learning. We view scaling up our approach to real-world control tasks as a very promising
direction for future work.

2. Background
2.1 Notation
A Markov decision process (MDP) M consists of a tuple (S, A, P, R, γ), where S is the state space,
A is the action space, P is the transition function mapping S × A to distributions on S, R is the
scalar reward function on S × A, and γ is the discount factor. We use lower-case (s, a, r) to refer
to concrete realizations of states, actions, and rewards. We use Mf to denote the MDP M with
the original reward function R replaced by another function f . On a discrete state space, we define
the function N (s) to be the number of times the agent has visited the state s at a particular point
in training. Similarly for discrete action spaces we define N (s, a) to be the number of times that
the policy has taken action a while in state s. For convenience, we assume exploration rewards are
within [0, 1], and we define r̄ = 1/1−γ , which is the maximum discounted value possible.
2.2 Bonus-based exploration: a recipe for exploration in deep RL
Bonus-based exploration has emerged as the standard framework for exploration in the deep reinforcef = {M }N
ment learning community. In this framework, an agent learns in a sequence of MDPs M
en n=1
R
en changes as a function of each transition. A typical choice is R
en = R+Rn+ ,
where the reward function R
where Rn+ is an exploration bonus which measures the “novelty” of a transition (s, a, s0 ) given the
en (s, a, s0 )
history of all previous transitions. After taking each transition (s, a, s0 ), the reward re = R
0
is calculated and the tuple (s, a, s , re) is added to a replay dataset D. The agent optimizes its reward
f via some model-free RL algorithm operating on the replay dataset.
in this (non-stationary) MDP M
The realization of a particular algorithm in this family amounts to defining a novelty function and
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Algorithm 1 Bonus-based exploration

Algorithm 2 UFO exploration

Require: replay dataset D, policy π

Require: replay dataset D, temperature τ
Require: policy π, exploration value Qexplore
1: n ← 0
2: repeat
3:
for one episode do
4:
Update Qexplore optimistically on MR+
n
5:
Set optimistic β(a|s) by Eq. (2)
6:
Collect (s, a, s0 , r) ∼ P (s, β(s))

1: n ← 0
2: repeat
3:
for one episode do

4:
Collect (s, a, s0 , r) ∼ P (s, π(s))
+
5:
e
r ← r + Rn
(s, a, s0 )
6:
D ← D ∪ (s, a, s0 , e
r)
7:
n←n+1
8:
Train π with samples from D
9: until convergence

7:
D ← D ∪ (s, a, s0 , r)
8:
n←n+1
9:
Train π with samples from D
10: until n = N

Figure 1: Comparison of classic bonus-based exploration (BBE) with our method (UFO). BBE
computes exploration bonuses at the time of visiting a transition, adds them to the real rewards, and
uses a replay buffer of experience to learn a policy. UFO separates the exploration policy β from the
task policy π, allowing π to be an unbiased estimate of the optimal policy throughout training. It
always uses the current exploration function Rn+ when updating the exploration value function, and
is fast-adapting to deal with the non-stationary bonus MDP. Finally UFO’s behavior policy actions
and updates are optimistic, ensuring the agent will reach and take transitions it has never seen.
picking a model-free RL algorithm (Stadie et al., 2015; Houthooft et al., 2016; Bellemare et al., 2016;
Pathak et al., 2017; Tang et al., 2017; Burda et al., 2018; Machado et al., 2020). We illustrate this
recipe in Algorithm 1.
2.3 Count-based exploration
Classic work on exploration, including methods such as E3 (Kearns and Singh, 1998), R-MAX
(Brafman and Tennenholtz, 2002), and MBIE (Strehl and Littman, 2008) leverage the count function
N to achieve provably fast policy learning. For our experiments, we build on the method of modelbased interval estimation with exploration bonuses (MBIE-EB) (Strehl and Littman, 2008) and its
spiritual descendants (Bellemare et al., 2016). MBIE-EB is an bonus-based exploration algorithm
which uses a bonus
α
R+ (s, a) = p
(1)
N (s, a)
to achieve provably efficient policy learning in the tabular case for a suitable setting of α. Count-based
rewards have the downside that they encourage the agent to visit every state. Our proposed algorithm
is not specific to count-based rewards, and any alternative (e.g. forward prediction error (Pathak
et al., 2017) or random network distillation (Burda et al., 2018)) could be used in its place.

3. Limitations of bonus-based exploration
The bonus-based exploration algorithm, illustrated in Algorithm 1, has three weaknesses which limit
its usefulness for sample-efficient policy learning:
Bias with finite samples. Because they estimate the optimal policy on the modified MDP M0 ,
bonus-based exploration algorithms learn biased policies as long as the exploration bonus is nonzero.
According to theory, the exploration bonus should be scaled very large (Strehl and Littman, 2008)
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and decay slower than 1/N (s) (Kolter and Ng, 2009) in order to guarantee convergence to the optimal
policy. This results in substantially biased policies after any feasible number of samples.
Limited within-episode adaptation. Algorithms in this family update the policy according to
the schedule of the underlying model-free RL algorithm – for example at the end of each episode.
This works well for the stationary MDPs that these algorithms were developed for, but the modified
MDP M0 which represents the exploration problem is non-stationary. This leads to an agent which
determines the most novel state and then stays there for an entire episode. This degenerate behavior
leads to potentially exploring only a single state per episode instead of visiting a sequence of new states
as the reward function evolves.1 The use of replay buffers compounds this effect, since algorithms in
this family compute exploration rewards at the time the transition is collected, rather than when
it is used. An algorithm which is unaware of the non-stationary nature of the MDP will maximize
the return on this mixture of reward functions rather than the reward that incorporates the current
bonus.
No optimism on unseen transitions. Bonus-based exploration algorithms are fundamentally
about optimism in the face of uncertainty; providing a bonus on any transition that led to a novel or
uncertain outcome in the past. However, they do not update the policy on transitions which have
never been seen. As a result, they cannot directly cause an agent to take an action for the very first
time! This is a significant failing in an exploration algorithm, and may explain the observation by
Dabney et al. (2020) that many sophisticated exploration algorithms in the deep RL literature still
rely on ε-greedy actions. This phenomenon is explored in depth by Rashid et al. (2020).

4. Maximizing sample efficiency with exploration
In this section, we describe a new algorithm called unbiased, fast-adapting, optimistic exploration,
or UFO. It consists of modifications to BBE which address the limitations discussed above. Like
BBE, UFO is a family of algorithms related by their structure; a particular algorithm in this family
consists of a choice of an exploration reward function and an off-policy RL algorithm for the task
policy. The modifications that define UFO are as follows:
1. Separately represent the current best estimate of the optimal policy for the task πtask and the
exploration value function Qexplore , thereby avoiding bias in the task policy.
2. Update the exploration policy (and thus the behavior policy) aggressively on the current version
of the bonus MDP after every timestep, enabling deep exploration of multiple novel locations
within a single episode.
3. Impose an optimistic prior on Qexplore by leveraging a count function, allowing the agent to
seek out transitions which it has never taken.
In this section we discuss the details of each component.
4.1 Unbiased task policy
We propose to separately learn a task policy πtask , which approximates the optimal policy for the
original MDP M, and an exploration value function Qexplore , which estimates the value of the
behavior policy on the bonus MDP MR+ only (i.e. not including the task reward). These two
functions are learned separately on transitions from the same replay buffer.
1. Some implementations of bonus-based exploration may update the policy within an episode, for example via a
single gradient step per environment step on transitions sampled i.i.d. from a replay. However, such a small update
is typically not enough to change the qualitative behavior of the agent and adapting to the changing MDP has not
been an emphasis in prior work.
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The task policy for the original MDP is trained in an ordinary off-policy fashion using the replay
buffer. Since it is trained only on the rewards for the true task, it is unbiased in the sense that it
reflects the current best estimate of the optimal action in each state. This stands in contrast to
BBE policies, which optimize the sum of task and exploration rewards, and thus represent a biased
estimate of the optimal task policy until the exploration rewards go to zero. Our method is agnostic
to the choice of algorithm and policy parameterization; however, it will be most effective with policy
learning algorithms that work well when trained very off-policy and produce well-calibrated policy
distributions.
4.1.1 Behavior policy
A good behavior policy should attempt to explore all of the transitions which are relevant for learning
the optimal policy. This entails a trade-off between taking actions which are more novel and ones
which are more likely to be relevant to a high-performing policy. We encode this by representing the
behavior policy as a product of the task policy distribution π and a pure-exploration Boltzmann
distribution:
( +
)
Qexplore (s, a)
β(a|s) ∝ πtask (a|s) exp
(2)
τexplore
where τexplore is a temperature hyperparameter controlling the aggressiveness of the exploration and
Q+
explore is an optimistic version of the exploration value function (see Section 4.3).
The choice to parameterize β as a factored policy was made for its simplicity and ease of off-policy
learning. Alternative formulations for making this trade-off while preserving the unbiased task policy
are possible, and we view the form of our proposed behavior policy as just one option among many.
One simple alternative would be Scheduled Auxiliary Control (SAC-X) (Riedmiller et al., 2018),
which interleaves the behavior of multiple policies in time.
4.2 Fast-adapting exploration value function
Traditional bonus-based exploration methods update the policy using a replay buffer which, at a
step n, contains rewards from mixture of bonus reward functions {R1+ , . . . , Rn+ }, computed using
different past novelty or count estimates.2 This results in slow adaptation to the non-stationary
objective of exploration. We propose to learn a separate state-action value function Qexplore (s, a)
which approximates the value of (s, a) for the behavior policy on the current bonus MDP MRn+ .
The non-stationarity of the bonus MDP means that after every timestep, Qexplore will be out of
date. This is especially problematic because the rewards will change the most in precisely the part of
state-space that the agent is currently in.
To illustrate this phenomenon, imagine an agent trying to solve a maze. Suppose the agent has
just reached a dead end that it has never seen before. For the first timestep at that new state, it
might receive a large exploration bonus for doing something new. However, if it stays there, it will
not learn anything new or visit any other new states, and the reward it earns will decrease with every
additional timestep in the dead end. Ideally the agent should update its value estimate for this state
immediately, and as soon as this is no longer the most novel state in the maze, it should leave and go
somewhere new.
We implement this form of fast adaptation as simply as possible: by performing many updates
to Qexplore at every timestep using a large learning rate. However, this poses its own problems;
most significantly, Q-learning with function approximation has a tendency to diverge if updated too
aggressively with too few new samples. We use two modifications to the typical Bellman update
with target networks (Mnih et al., 2015) to mitigate this issue.
2. See e.g. the code from Machado et al. (2020): https://github.com/mcmachado/count_based_exploration_sr/
blob/master/function_approximation/exp_eig_sr/train.py#L204
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• Soft DoubleDQN update. The DoubleDQN (Hasselt et al., 2016) update reduces overestimation in Q-learning by selecting and evaluating actions using different parameters. We use a
soft version of the DoubleDQN update by replacing the max operator with the expectation
over actions sampled from the current behavior policy (which is a function of Qexplore ).
• Value clipping. To further mitigate the problem of Q-learning overestimation and divergence,
we clip the Bellman targets to be within the range of possible Q values for MRn+ . Given that
the rewards r+ are scaled to be in [0, 1], any policy would have a value Qexplore (s, a) ∈ [0, r̄],
where r̄ = 1/1−γ .
With these two changes, the target for estimating the value of the policy β on the MDP MRn+ is




y(s, a, s0 ) = clip Rn+ (s, a) + γ 0 E 0
Qexplore (s0 , a0 ; θ− ) , 0, r̄ .
(3)
a ∼β(·|s ;θ)

where Rn+ (s, a) is the current exploration bonus, which we recompute at update time; Qexplore (s0 , a0 ; θ− )
is the exploration value function target network; and β(· | s0 ; θ) is the behavior policy calculated with
the current exploration value function parameters. We then minimize the squared error between
y(s, a, s0 ) and Qexplore (s, a).
4.3 Optimistic exploration value function
We propose to make Qexplore optimistic by leveraging the count function in a manner similar to that
proposed by Rashid et al. (2020). We assume that the value function is trustworthy for transitions
with very large counts, and very untrustworthy for transitions with near-zero counts. When the
count is zero we impose an optimistic prior which assumes the transition will lead to a whole episode
of novel transitions; as the count increases we interpolate between this prior and the learned value
function using a weighting function:
Q+
explore (s, a) = w(s, a)Qexplore (s, a) + (1 − w(s, a))r̄
where r̄ = 1/1−γ , again, is the maximum discounted return in the bonus MDP.
The weights are calculated from the counts:
p
N (s, a)
w(s, a) = p
N (s, a) + c

(4)

(5)

with c being the prior count which represents how many visits’ worth of confidence we ascribe to the
optimistic prior. We use this optimistic Q+
explore to select actions, and in place of Qexplore for the
Bellman updates described in Equation (3).

5. Related work
Bonus-based exploration. In the last few years there have been many bonuses proposed in the
bonus-based exploration framework. Stadie et al. (2015), Pathak et al. (2017), and Burda et al. (2018)
propose to use prediction error of a learned model to measure the novelty of new states, with the
key differences being the state representation used for making predictions. Stadie et al. (2015) make
predictions in the raw observation space, while Pathak et al. (2017) use a learned embedding from an
inverse dynamics model, and Burda et al. (2018) use a randomly-initialized neural network to embed
the states. Houthooft et al. (2016) propose to measure how informative a new observation is by using
a variational formulation of the information gain of the policy. Bellemare et al. (2016) and Ostrovski
et al. (2017) define a continuous analogue of a count function which they call pseudocounts, then use
them to calculate the count-based bonuses of Strehl and Littman (2008). Tang et al. (2017) also use
6

the bonus formula from Strehl and Littman (2008), but compute counts using a locality-sensitive
hashing function to bin the states. Machado et al. (2020) use the norm of learned successor features
as a bonus, and show that it implicitly counts state visits. This work focuses on the updates and
representation of the behavior policy, and our proposed algorithm can be used in conjunction with
any of these bonuses from the literature. The Never Give Up (NGU) algorithm (Badia et al., 2020)
uses an exploration bonus with an episodic structure, encouraging a behavior policy to visit each
state infinitely often while rapidly adapting the reward within each episode. Instead of a single
policy, NGU learns an ensemble of policies with different scales of the exploration bonus, allowing it
to act greedily with respect to a task policy. However, NGU is designed to maximize asymptotic
performance rather than sample efficiency, and indeed does not learn faster than a baseline early in
training.
Optimism. Classic exploration methods (Kearns and Singh, 1998; Brafman and Tennenholtz, 2002;
Strehl and Littman, 2008; Jaksch et al., 2008), depend on an optimistically-defined model. Model-free
methods with theoretical guarantees, including Strehl et al. (2006) and Jin et al. (2018) similarly use
optimistically-initialized Q functions. Optimism is difficult to ensure with neural networks, since
even an optimistic initialization will rapidly wash out due to generalization from other observed
points. Recently Rashid et al. (2020) proposed a novel method for ensuring optimism in Q learning
with function approximation by leveraging a count function. Our method uses a similar formulation
for learning an optimistic exploration Q function. However, by separating the exploration policy
from the task policy, our method leaves the task policy unbiased in the few-sample regime.
Temporally-extended actions. While undirected exploration methods such as -greedy explore
large spaces only slowly, the use of temporally-extended actions which result in less dithering can
explore faster. Schoknecht and Riedmiller (2003) propose to augment the action space with multi-step
actions, which consist of repeating a primitive action for a specified duration, and show that this
reduces the first passage time for reaching faraway states on a random walk. Neunert et al. (2020)
propose a method for learning policies in hybrid continuous-discrete action spaces and allow the
policy to choose to repeat the given action for multiple steps, resulting in faster exploration without
limiting the expressivity of the policy. Dabney et al. (2020) describe a temporally-extended version
of -greedy exploration which, for a fraction 1 −  of transitions, samples a random action to take
as well as a random duration for that action. They then train off-policy RL on the collected data.
Whitney et al. (2020) use a learned k-step temporally-extended action space, where each point in the
space represents a state reachable in k timesteps and a sequence of actions to get to that state, and
show that uniform exploration in this space reaches faraway states with higher probability. While
these methods improve significantly over the single-step -greedy method, they are unable to perform
directed exploration and rapidly reach faraway unvisited states.
Randomized value functions. Thompson sampling is an appealing formulation of exploration
that samples from the posterior distribution over value functions and then explores greedily (Thompson, 1933). Modern works including Osband et al. (2016) and Osband et al. (2019) extend this idea
to neural networks in the full RL setting. Other works (Fortunato et al., 2018; Plappert et al., 2018)
similarly use neural networks with noisy parameters to sample actions for exploration.

6. Experiments
We provide experiments on a simple environment illustrating the speed of exploration and the sample
efficiency of policy learning. For each experiment, we run two versions: (i) with no environment
rewards, and (ii) with environment rewards. The former allows us to show the “pure” exploration
performance of each method without confounding by the task learning. The latter allows us to show
how well exploration cashes out into performance on the end task.
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6.1 Representations of policies and counts
Throughout we use deep neural networks for the task policy and for the exploration value function
to demonstrate that our approach is practical for use with deep learning. We learn the task policy as
a Double DQN (Hasselt et al., 2016) and select actions from the Boltzmann distribution on the Q
values:


Qtask (s, a)
πtask (a | s) ∝ exp
.
(6)
τtask
In practice we implement this by reweighting samples from the uniform distribution over the action
space, which allows us to use the same procedure for discrete and continuous low-dimensional action
spaces. Though re-weighting uniform action samples would scale poorly to large action spaces, a
dedicated continuous RL algorithm that represents the policy explicitly could be used in this case.
At test time we set τtask very low, resulting in a nearly deterministic policy.
We use the same reweighting procedure for sampling from the behavior policy defined in Equation (2). We draw samples from the task policy, re-weight them according to their value under
the pure-exploration Boltzmann distribution, and sample the behavior action from the re-weighted
distribution. For training we set τexplore = τtask = 0.1. We found that the results were fairly robust
to the setting of τexplore over the range [0.01, 1], while τtask was somewhat more sensitive.
We represent the count function N (s, a) as a lookup table. For continuous state and action spaces
we discretize into uniform-sized bins. In order to scale to higher-dimensional spaces alternative
exploration rewards could be used, such as pseudo-counts (Bellemare et al., 2016; Ostrovski et al.,
2017) or random network distillation (Burda et al., 2018).
6.2 2D point environment
We use a simple 2D point environment to allow clear visualization of state-wise quantities such as
visit counts and value functions. This environment is a point-to-point navigation problem with fixed
start and goal locations. We use two versions of this environment: a discrete version, with a finite
number of states and actions, and a continuous version, with real-valued state and action spaces.
The discrete version is a grid-world environment where the agent’s action space consists of the four
neighboring cells. In the continuous version the agent can set a 2D continuous velocity within a
specified range.
A sparse reward is given when the agent reaches the goal location, which makes the exploration
problem very difficult to solve with undirected exploration like ε-greedy. For example, in the discrete
environment with diagonally opposite start and goal, the probability of seeing a reward under a
uniform policy can be upper-bounded using the CDF of the binomial distribution by considering
trajectories that include sufficient step towards the goal. With grid size 40 × 40 and episode length
100, even this extremely generous bound gives a probability 2 × 10−9 of seeing a reward per episode.
6.3 Experimental endpoints
The quantitative measures of success in exploration we use are as follows:
1. Fraction of states visited. This coverage measure shows how well exploration is working, with
better exploration visiting more states sooner. For continuous state spaces we measure coverage
on a discretized version of the states.
2. Policy test performance. This measures the extent to which the learned policy is able to solve
the real task, which is what we care about at the end of the day.
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Figure 2: State coverage results in the no-reward (pure exploration) setting. Left: The discrete
40 × 40 grid-world environment. Right: The continuous point environment, using 40 bins in each
dimension for discretization. Starting from the “undirected exploration” uniform random actions
baseline, we see that classic bonus-based exploration (BBE) yields a significant improvement in state
coverage on both environments. Even greater gains then come from applying our unbiased task
policies (U) and fast adaptation (F) modifications. However, UF still has difficulty reaching the last
few states. Finally, we see that our combined algorithm, with the addition of optimism, visits every
state rapidly. Compared to the full UFO, UF takes on average 4.2× as long to visit every state in the
discrete environment, and 1.2× as long in the continuous environment. Solid lines show the mean
over four seeds and shaded regions show the min and max.
6.4 Studying the impact of each modification
We provide a set of ablation experiments that build up from a pure bonus-based exploration
algorithm to the full UFO method. This shows that each modification we make individually yields
an improvement and when taken together results in significantly reduced sample requirements. We
refer to our ablations by the set of modifications to the base BBE algorithm they include, e.g. UF
refers to an algorithm with an unbiased task policy and fast adaptation, but no optimism.
Unbiased task policy. A BBE algorithm learns a policy to maximize the sum of an exploration
reward and a task reward. The unbiased task policy (U) modification to the BBE algorithm separates
this into two policies, one for pure exploration and one for pure task. This gives two benefits. The
first is that the task policy is always unbiased, in that it attempts to maximize an estimate of the
task reward. In Figure 3 (right), it is visible that with pure bonus-based exploration the task policy
is biased even after 1000 episodes, leading to suboptimal performance. The second benefit is that we
are free to update the pure exploration policy more aggressively, since it does not need to converge
in the limit. We use a larger learning rate for updating the exploration policy than the task policy,
leading to faster coverage in the no-reward case shown in Figure 2.
Fast adaptation of the exploration value function. The next modification we add is fast
adaptation (F), giving us a UF algorithm. The U algorithm, like BBE, performs updates only between
episodes, and uses a replay which contains old exploration bonuses calculated at action selection
time. By contrast, an algorithm with fast adaptation updates the exploration policy aggressively
after each transition, and calculates exploration rewards at update time. This allows it to have a
fresher estimate of the optimal exploration policy. Comparing results from U and UF, we see that
fast adaptation leads to faster state coverage (Figure 2) and thus faster task learning (Figure 3).
Qualitatively the trajectories of policies with fast adaptation visit multiple novel states per episode
and cover more states (Figure 4).
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Figure 3: Results of policy learning with different exploration algorithms. Left: The discrete 40x40
grid-world environment. Right: The continuous point environment. Each additional modification to
the bonus-based exploration algorithm performs incrementally better on the end task. Solid lines
show the mean over four seeds and shaded regions show the min and max.

(a) Trajectory without fast adaptation

(b) Trajectory with fast adaptation

Figure 4: Two trajectories in 2D state space showing the difference in behavior without (left) and
with (right) fast adaptation. While a slow-adapting policy goes to a single high-novelty point and
stays there, a fast-adapting policy can visit multiple new points within an episode. This subtle
change makes a significant difference in exploration speed. The color of a state indicates the number
of visits to that state in this episode.
Optimistic exploration value function. Our final modification is optimism (O) in the exploration policy. The UF algorithm explores much more rapidly than the base BBE algorithm, but has
a weakness: since it only updates its value estimates on transitions that it has already taken, it can’t
assign new transitions high value, and takes them only by chance. With the addition of optimism,
the exploration policy can intentionally seek out new transitions. Qualitatively this leads to more
complete coverage of the state space, which can be seen by comparing the UF and UFO results in
Figure 5. As shown in Figure 2, optimism improves the number of episodes needed to cover the state
space by 4.2× and 1.2× on the discrete and continuous environments, respectively. This translates
into faster and more reliable policy learning (Figure 3).
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(a) Qexplore without optimism

(b) Qexplore with optimism

Figure 5: An exploration value function trained without (left) and with (right) optimism, evaluated
at every state in the 2D state space. Qexplore without optimism places high value on some states
near its exploration frontier, but not all. Qexplore with optimism places uniformly high value along
the unexplored region. States marked with zero value (dark purple) are those that have never been
visited.

7. Discussion
In this paper we have investigated the potential for fast exploration methods to improve the sample
efficiency of reinforcement learning. Three limitations have limited the effectiveness of bonus-based
exploration in this setting. A biased policy in the finite-sample regime leads to slow convergence to
the optimal policy; slow adaptation of the behavior policy to a changing reward function leads to
wasted samples; and lack of optimism increases the time required to visit unseen transitions. We
proposed to address these limitations head-on, leading to the unbiased, fast-adapting, optimistic
(UFO) exploration algorithm. In small-scale experiments, UFO results in faster state coverage when
exploring and improved sample efficiency when learning a task policy. We are excited to push
exploration into practical relevance in the future by scaling the UFO algorithm to high-dimensional
control.
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