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Abstract. Value-based reinforcement-learning algorithms provide state-
of-the-art results in model-free discrete-action settings, and tend to out-
perform actor-critic algorithms. We argue that actor-critic algorithms are
limited by their need for an on-policy critic. We propose Bootstrapped
Dual Policy Iteration (BDPI), a novel model-free reinforcement-learning
algorithm for continuous states and discrete actions, with an actor and
several off-policy critics. Off-policy critics are compatible with experience
replay, ensuring high sample-efficiency, without the need for off-policy
corrections. The actor, by slowly imitating the average greedy policy of
the critics, leads to high-quality and state-specific exploration, which
we compare to Thompson sampling. Because the actor and critics are
fully decoupled, BDPI is remarkably stable, and unusually robust to
its hyper-parameters. BDPI is significantly more sample-efficient than
Bootstrapped DQN, PPO, and ACKTR, on discrete, continuous and
pixel-based tasks. Source code: https://github.com/vub-ai-lab/bdpi.
Appendix: https://arxiv.org/abs/1903.04193.
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1 Introduction and Related Work

State-of-the-art stochastic actor-critic algorithms, used with discrete actions,
all share a common trait: the critic Q™ they learn directly evaluates the actor
[23, 37, 47, 26]. Some algorithms allow the agent to execute a policy different from
the actor, which the authors refer to as off-policy, but the critic is still on-policy
with regards to the actor [18, for instance]. ACER and the off-policy actor-critic
[44, 12] use off-policy corrections to learn Q7 from past experiences, DDPG learns
its critic with an on-policy SARSA-like algorithm [24], Q-prop [17] uses the actor
in the critic learning rule to make it on-policy, and PGQL [28] allows for an
off-policy V function, but requires it to be combined with on-policy advantage
values. Notable examples of algorithms without an on-policy critic are AlphaGo
Zero [38], that replaces the critic with a slow-moving target policy learned with
tree search, and the Actor-Mimic [31], that minimizes the cross-entropy between
an actor and the Softmax policies of critics (see Section 4.2). The need of most
actor-critic algorithms for an on-policy critic makes them incompatible with
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state-of-the-art value-based algorithms of the Q-Learning family [3, 20], that
are all highly sample-efficient but off-policy. In a discrete-actions setting, where
off-policy value-based methods can be used, this raises two questions:

1. Can we use off-policy value-based algorithms in an actor-critic setting?
2. Would the actor bring anything positive to the agent?

In this paper, we provide a positive answer to these two questions. We intro-
duce Bootstrapped Dual Policy Iteration (BDPI), a novel actor-critic algorithm.
Our actor learning rule, inspired by Conservative Policy Iteration (see Sections
2.4 and 3.2), is robust to off-policy critics. Because we lift the requirement for
on-policy critics, the full range of value-based methods can now be leveraged by
the critic, such as DQN-family algorithms [20], or exploration-focused approaches
[3, 9]. To better isolate the sample-efficiency and exploration properties arising
from our actor-critic approach, we use in this paper a simple DQN-family critic.
We learn several Q-Functions, as suggested by [30], with a novel extension of
Q-Learning (see Section 3.1). Unlike other approaches, that use the critics to
compute means and variances [27, 11], BDPT uses the information in each individ-
ual critic to train the actor. We show that our actor learning rule, combined with
several off-policy critics, can be compared to bootstrapped Thompson sampling
(Section 3.4).

Our experimental results in Section 4 show that BDPI significantly out-
performs state-of-the-art actor-critic and critic-only algorithms, such as PPO,
ACKTR and Bootstrapped DQN, on a set of discrete, continuous and 3D-rendered
tasks. Our ablative study shows that BDPI’s actor significantly contributes to its
performance and exploration. To the best of our knowledge, this is the first time
that, in a discrete-action setting, the benefit of having an actor can be clearly
identified. Finally, and perhaps most importantly, BDPI is highly robust to its
hyper-parameters, which mitigates the need for endless tuning (see Section 4.5).
BDPT’s ease of configuration and sample-efficiency are crucial in many real-world
settings, where computing power is not the bottleneck, but data collection is.

2 Background

In this section, we introduce and review the various formalisms on which Boot-
strapped Dual Policy Iteration builds. We also compare current actor-critic
methods with Conservative and Dual Policy Iteration, in Sections 2.3 and 2.4.

2.1 Markov Decision Processes

A discrete-time Markov Decision Process (MDP) [6] with discrete actions is
defined by the tuple (S, A, R, T,v): a possibly-infinite set S of states; a finite set
A of actions; a reward function R(s¢,a, s¢+1) € R returning a scalar reward 441
for each state transition; a transition function T'(si41|st, ar) € [0,1] determining
the dynamics of the environment; and the discount factor 0 < v < 1 defining the
importance given by the agent to future rewards.
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A stochastic stationary policy m(a¢|s:) € [0,1] maps each state to a proba-
bility distribution over actions. At each time-step, the agent observes s;, selects
a; ~ m(.|s¢), then observes 141 and sy11, which produces an (s, ar, re41, St+1)
experience tuple. An optimal policy 7* maximizes the expected cumulative dis-
counted reward E.«[>", v'r;]. The goal of the agent is to find 7* based on its
experience within the environment, with no a-priori knowledge of R and T.

2.2 Q-Learning, Experience Replay and Clipped DQN

Value-based reinforcement learning algorithms, such as Q-Learning [45], use
experience tuples and Equation 1 to learn an action-value function @Q*, also called
a critic, which estimates the expected return for each action in each state when
the optimal policy is followed:

Qrr1(8t,a¢) = Qi (s, a¢) + adpy1 (1)
Opt1 = o1+ ymax Qr(sei1,a’) — Qrlse, ar)

with 0 < a < 1 alearning rate. At acting time, the agent selects actions having the
largest Q-Value, plus some exploration. To improve sample-efficiency, experience
tuples are stored in an experience buffer, and are periodically re-sampled for
further training using Equation 1 [25]. Before convergence, Q-Learning tends
to over-estimate the Q-Values [19], as positive errors are propagated by the
max operator of Equation 1. Clipped DQN [14], that we use as the basis of
our critic learning rule (Section 3.1), addresses this bias by applying the max
operator to the minimum of the predictions of two independent Q-functions, such
that positive errors are removed by the minimum operation. Addressing this
over-estimation has been shown to increase sample-efficiency and robustness [19].

2.3 Policy Gradient and Actor-Critic Algorithms

Instead of choosing actions according to Q-Values, Policy Gradient methods
[46, 40] explicitly learn an actor mg(asls:) € [0,1], parametrized by a weights
vector 6, such as the weights of a neural network. The objective of the agent
is to maximize the expected cumulative discounted reward E. [, v'r¢], which
translates to the minimization of Equation 2 [40]:

£00) = = 3= gro (ot g0y Poxm(arl) @

t=0

with a; ~ mg(s;) the action executed at time ¢, and R; = ZZ:t ~7r, the Monte-
Carlo return from time ¢ onwards. At every training epoch, experiences are used
to compute the gradient % of Equation 2, then the weights of the policy are

adjusted by a small step in the opposite direction of the gradient. A second
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gradient update requires fresh experiences [40], which makes Policy Gradient
quite sample-inefficient. Three approaches have been proposed to increase the
sample-efficiency of Policy Gradient: trust regions, that allow larger gradient
steps to be taken [36], surrogate losses, that prevent divergence if several gradient
steps are taken [37], and stochastic® actor-critic methods [4, 23], that replace the
Monte-Carlo R; with an estimation of its expectation, Q™ (s, at), an on-policy
critic, shown in Equation 2, bottom.

The use of Q™-Values instead of Monte-Carlo returns leads to a gradient of
lower variance, and allows actor-critic methods to obtain impressive results on
several challenging tasks [44, 15, 26]. However, conventional actor-critic algorithms
may not provide any benefits over a cleverly-designed critic-only algorithm, see
for example [28], Section 3.3. Actor-critic algorithms also rely on Q™ to be
accurate for the current actor, even if the actor itself can be distinct from the
actual behavior policy of the agent [12, 44, 16]. Failing to ensure this accuracy
may cause divergence [23, 40].

2.4 Conservative and Dual Policy Iteration

Approximate Policy Iteration and Dual Policy Iteration are two approaches to
Policy Iteration. API repeatedly evaluates a policy 7y, producing an on-policy
Q7" , then trains 741 to be as close as possible to the greedy policy I'(Q™)
[21, 35]. Conservative Policy Iteration (CPI) extends API to slowly move w
towards the greedy policy [33]. Dual Policy Iteration [39] formalizes as CPI
several modern reinforcement learning approaches [2, 38], by replacing the greedy
function with a slow-mowving target policy 7'

rem™) (API)
Tht1 < (1 — a)7r;€ + OéF(ch) (CPI)
(1 —a)m + ary, (DPI)

with 0 < a < 1 a learning rate, set to a small value in Conservative Policy
Iteration algorithms (0.01 in our experiments). Among CPI algorithms, Safe
Policy Iteration [33] dynamically adjusts the learning rate to ensure (with high
probability) a monotonic improvement of the policy, while [41] propose the use
of statistical tests to decide whether to update the policy.

While theoretically promising, CPI algorithms present two important lim-
itations: their convergence is difficult to obtain with function approximation
[43, 7]; and their update rule and associated set of bounds and proofs depend
on Q™ , an on-policy function that would need to be re-computed before every
iteration in an on-line setting. As such, CPI algorithms are notoriously difficult
to implement, with [33] reporting some of the first empirical results on CPIL
Our main contribution, presented in the next section, is inspired by CPI but

3 Deterministic actor-critic methods are slightly different and outside the scope of this
paper.
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distinct from it in several key aspects. Our actor learning rule follows the Dual
Policy Iteration formalism, with a target policy 7’ built from off-policy critics
(see Section 3.2). The fact that the actor gathers the experiences on which the
critics are trained can be compared to the guidance that 7 gives to 7’ in the DPI
formalism [39].

3 Bootstrapped Dual Policy Iteration

Our main contribution, Bootstrapped Dual Policy Iteration (BDPI), consists of
two original components. In Section 3.1, we introduce an aggressive off-policy
critic, inspired by Bootstrapped DQN and Clipped DQN [30, 14]. In Sections
3.2 to 3.3, we introduce an actor that leads to high-quality exploration, further
enhancing sample-efficiency. We detail BDPI’s exploration properties in Section
3.4, before empirically validating our results in a diverse set of environments
(Section 4). Our implementation of BDPI is available on https://github.com/
vub-ai-lab/bdpi.

3.1 Aggressive Bootstrapped Clipped DQN

We begin our description of BDPI with the algorithm used to train its critics,
Aggressive Bootstrapped Clipped DQN (ABCDQN). Like Bootstrapped DQN
[30], ABCDQN consists of N, > 1 critics. Combining ABCDQN with an actor is
detailed in Section 3.2. When used without an actor, ABCDQN selects actions by
randomly sampling a critic for each episode, then following its greedy function.

Each critic of ABCDQN is trained with an aggressive algorithm loosely
inspired by Clipped DQN and Double Q-Learning [14, 19]. Each critic maintains
two Q-functions, Q* and QP. Every training iteration, Q4 and QP are swapped,
then Q4 is trained with Equation 3 on a set of experiences sampled from
an experience buffer, shared by all the critics. Contrary to Clipped DQN, an
on-policy algorithm that uses V(s;41) = minj—a p Q'(s111,m(s¢41)) as target
value, ABCDQN removes the reference to 7(s;+1) and instead uses the following
formulas:

Qi1 (st ar) = Qi (st a0) + o(regs + YV (se41) — Qi (51, a1)) (3)
V(st41) = lI:r%nB Q' (StJrl, argmax,, Q;?(St+17 a’))

We increase the aggressiveness of ABCDQN by performing several training
iterations per training epoch. Every training epoch, every critic is updated using a
different batch of experiences, for Ny > 1 training iteration. As mentioned above,
a training iteration consists of applying Equation 3 on the critic, which produces
Q41 values, either stored in a tabular critic, or used to optimize the parameters of
a parametric critic Q. The parameters minimize } ,\(Qo(s,a) — Qr11(s, a))?,
using gradient descent for several gradient steps.
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ABCDQN achieves high sample-efficiency (see Section 4), but its purposefully
exaggerated aggressiveness makes it prone to overfitting. We now introduce
an actor, that alleviates this problem and leads to high-quality exploration,
comparable to Thompson sampling (see Section 3.4).

3.2 Training the Actor with Off-Policy Critics

To improve exploration, and further increase sample-efficiency, we now comple-
ment our ABCDQN critic with the second component of BDPI, its actor. The
actor 7 takes inspiration from Conservative Policy Iteration [33], but replaces
on-policy estimates of Q™ with our off-policy ABCDQN critics. Every training
epoch, after every critic ¢ has been updated on its batch of experiences E; C B
uniformly sampled from the experience buffer, the actor is sequentially trained
towards the greedy policy of all the critics:

w(s) & (1= Nm(s) + AL(Qi 1 (s, ) Vi,VsekE; (4)

with A = 1 — e9 the actor learning rate, computed from the maximum allowed
KL-divergence ¢ defining a trust-region (see Appendix B), and I" the greedy
function, that returns a policy greedy in Q@+, the Q“ function of the i-th critic.
Pseudocode for the complete BDPI algorithm is given in the appendix, and
summarized in Algorithm 1.

Contrary to Conservative Policy Iteration algorithms, and because our critics
are off-policy, the greedy function is applied on an estimate of Q*, the optimal Q-
function, instead of Q™. The use of an actor, that slowly imitates approximations
of I'(Q*) = 7*, leads to an interesting relation between BDPI and Thompson
sampling (see Section 3.4). While expressed in the tabular form in Equations 3
and 4, the BDPI update rules produce Q-Values and probability distributions
that can directly be used to train any kind of function approximator, on the
mean-squared-error loss, and for as many gradient steps as desired. The Policy
Distillation literature [34] suggests that implementing the actor and critics with
neural networks, with the actor having a smaller architecture than the critic,
may lead to good results. Large critics reduce bias [13], and a small policy has
been shown to outperform and generalize better than big policies [34]. In this

for every critic i € [1, Nc] do
FE < N experiences sampled from the buffer;
for N; training iterations do
Swap Q% and QP%;
Update Q*** of critic ¢ on E with Equation 3;
end
Update actor on E with Equation 4;
end
Algorithm 1: Learning with Bootstrapped Dual Policy Iteration (summary)
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paper, we use actors and critics of the same size, and leave the evaluation of
asymmetric architectures for future work.

3.3 BDPI and Conservative Policy Iteration

The standard Conservative Policy Iteration update rule (see Section 2.4) updates
the actor m towards I'(Q™), the greedy function according to the Q-Values arising
from 7. This slow-moving update, and the inter-dependence between 7 and Q7,
allows several properties to be proven [21], and the optimal policy learning rate
« to be determined from Q™ [33]. Because BDPI learns off-policy critics, that
can be arbitrarily different from the on-policy Q™ function, the Approximate
Safe Policy Iteration framework [33] would infer an “optimal” learning rate of
0. Fortunately, a non-zero learning rate still allows BDPI to learn efficiently.
In Section 3.4, we show that the off-policy nature of BDPI’s critics makes it
approximate Thompson sampling, which CPI’s on-policy critics do not do. Our
experimental results in Section 4 further illustrate how BDPI allows fast and
robust learning, even in difficult-to-explore environments.

3.4 BDPI and Thompson Sampling

In a bandit setting, Thompson sampling [42] is regarded as one of the best ways
to balance exploration and exploitation [1, 10]. Thompson sampling consists of
maintaining a posterior belief of how likely any given action is optimal, and
drawing actions directly from this probability distribution. In a reinforcement-
learning setting, Thompson sampling consists of selecting an action a according
to m(als) = P(a = argmax,, Q*(s,a’)), with @* the optimal Q-function.

BDPI learns off-policy critics, that produce estimates of @Q*. Sampling a
critic and updating the actor towards its greedy policy is therefore equivalent
to sampling a function @ ~ P(Q = Q*) [30], then updating the actor towards
I'(Q), with I'(Q)(s,a) = 1][a = argmax,, Q(s,a’)], and 1 the indicator function.
Over several updates, and thanks to a small A learning rate (see Equation 4),
the actor learns the expected greedy function of the critics, which (intuitively)
folds the indicator function into the sampling of @, leading to an actor that
learns 7(a|s) = P(a = argmax,, Q*(s,a’)), the Thompson sampling equation for
reinforcement learning.

The use of an explicit actor, instead of directly sampling critics and executing
actions as Bootstrapped DQN does [30], positively impacts BDPI’s performance
(see Section 4). [27] discuss why Bootstrapped DQN, without an actor, leads
to a higher regret than their Information Directed Sampling, and propose to
add a Distributional RL [5] component to their agent. [29] presents arguments
against the use of Distributional RL, and instead combines Bootstrapped DQN
with prior functions. In the next section, we show that BDPI largely outperforms
Boostrapped DQN, along with PPO and ACKTR, without relying on Distribu-
tional RL nor prior functions. We believe that having an explicit actor changes
the way the posterior is computed, which may positively influence exploration
compared to actor-less approaches.
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4 Experiments

To illustrate the properties of BDPI, we compare it to its ablations and a wide
range of reinforcement learning algorithms, in four environments with completely
different state-spaces and dynamics. Our results demonstrate the high sample-
efficiency and exploration quality of BDPI. Moreover, these results are obtained
with the same configuration of critics, experience replay and learning rates across
environments, which illustrates the ease of configuration of BDPI. In Section 4.5,
we carry out further experiments, that demonstrate that BDPI is more robust
to its hyper-parameters than other algorithms. This is key to the application of
reinforcement learning to real-world settings, where vast hyper-parameter tuning
is often infeasible.

4.1 Algorithms

We evaluate the algorithms listed below:

BDPI this paper
ABCDQ@N, BDPI without an actor this paper
BDPI w/ AM, see Section 4.2 this paper
BDQ@N, Bootstrapped DQN [30]
PPO 37]
ACKTR [47]

Except on Hallway,* a 3D environment described in the next section, all algo-
rithms use feed-forward neural networks to represent their actor and critic, with
one (2 for PPO and ACKTR) hidden layers of 32 neurons (256 on LunarLander).
The state is one-hot encoded in FrozenLake, and directly fed to the network
in the other environments. The neural networks are trained with the Adam
optimizer [22], using a learning rate of 0.0001 (0.001 for PPO, ACKTR uses its
own optimizer with a varying learning rate). Unless specified otherwise, BDPI
uses N, = 16 critics, all updated every time-step on a different 256-experiences
batch, sampled from the same shared experience buffer, for 4 applications of
our ABCDQN update rule. BDPI trains its neural networks for 20 epochs per
training iteration, on the mean-squared-error loss (even for the policy).

Hallway being a 3D environment, the algorithms are configured differently.
Changes to BDPI are minimal, as they only consist of using the standard
DeepMind convolutional layers, a hidden layer of 256 neurons, and optimizing
the networks for 1 epoch per training iteration, instead of 20. PPO and ACKTR,
however, see much larger changes. They use the DeepMind layers, 16 replicas of
the environment (instead of 1), a learning rate of 0.00005, and perform gradient
steps every 80 time-steps (per replica, so 1280 time-steps in total). These PPO
and ACKTR parameters are recommended by the author of Hallway.

4 https://github.com/maximecb/gym-miniworld
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a) b) o)

Fig. 1. The four environments. a) Table, a large continuous-state environment with a
black circular robot and a blue charging station. b) LunarLander, a continuous-state
task based on the Box2D physics simulator. ¢) Frozen Lake, an 8-by-8 slippery gridworld
where black squares represent fatal pits. d) Hallway, a 3D pixel-based navigation task.

4.2 BDPI with the Actor-Mimic Loss

To the best of our knowledge, the Actor-Mimic [31] is the only actor-critic
algorithm, along with BDPI, that learns critics that are off-policy with regards
to the actor. The Actor-Mimic is designed for transfer learning tasks. One critic
per task is trained, using the off-policy DQN algorithm. Then, the cross-entropy
between the actor and the Softmax policies S(Q;) of all the critics is minimized,
using the (simplified) loss of Equation 5.

L(mo) = =Y S(Qi)(als) log(mg(als)) (®)

s€S,acAi<N

Applying the Actor-Mimic to a single-task setting is possible. We implemented
an agent based on BDPI, that retains its ABCDQN critics, but replaces our actor
learning rule of Equation 4 with the Actor-Mimic loss of Equation 5. Because we
only change how the actor is trained, and still use our aggressive critics, we ensure
the fairest comparison between our actor learning rule and the cross-entropy
loss of the Actor-Mimic. In our experiments, the Actor-Mimic loss with Softmax
policies fails to learn efficiently, even after extensive hyper-parameter tuning,
probably because the Softmax prevents the policy from becoming deterministic
in states where this is necessary. We therefore replaced the Softmax with the
greedy function, which led to the much better results that we present in Section
4.4.

4.3 Environments

Our evaluation of BDPI takes place in four environments that challenge the
algorithms on different aspects of reinforcement learning: exploration with sparse
rewards (Table), high-dimensional state-spaces (vector LunarLander, pixel-based
Hallway), and high stochasticity (FrozenLake).

Table simulates a tiny robot on a large table that has to locate its charging
station and dock (see Figure la). The table is a 1-by-1 square. The goal is
located at (0.5,0.5), and the robot always starts at (0.1,0.1), facing away from
the goal. A fixed initial position makes exploration more challenging, as the robot
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never spawns close to the goal. The robot observes its current (x,y, ) position
and orientation, with 6 € [—m, x]. Three actions allow the robot to either move
forward 0.005 units, or turn left/right 0.1 radians. A reward of 0 is given every
time-step. The episode finishes with a reward of -50 if the robot falls off the
table, 0 after 200 time-steps, and 100 when the robot successfully docks, that is,
its location is (0.5 £ 0.05,0.5 £ 0.05, 7 4 0.3). The slow speed of the robot and
reward sparsity make Table more difficult to explore than most Gym tasks [8].

LunarLander is a high-dimensional continuous-state physics-based simulation
of a rocket landing on the moon (see Figure 1b). The agent observes the location
and velocities of various components of the lander, and has access to four actions:
doing nothing, firing the left/right side engines for one time-step, and firing the
main engine. The reward signal for this task is quite complicated but informative,
as it directly maps the distance between the rocket and the landing pad to
a reward, on every time-step. The environment is considered solved when a
cumulative reward of 200 or more is achieved per episode [8].

FrozenLake is a 8 x 8 grid composed of slippery cells, holes, and one goal cell
(see Figure 1c). The agent can move in four directions (up, down, left or right),
with a probability of % of actually performing an action other than intended. The
agent starts at the top-left corner of the environment, and has to reach the goal
at its bottom-right corner. The episode terminates when the agent reaches the
goal, resulting in a reward of +1, or falls into a hole, resulting in no reward.

Hallway is a 3D pixel-based environment, that simulates a camera-based robotic
task in the real world. Hallway consists of a rectangular room with a target red
box, and the agent. The size of the room, location of the goal and initial position
of the agent are randomly chosen for each episode. Four discrete actions allow
the agent to move forward/backward and turn left/right. Movement is slow, and
the amount of movement is stochastic for each time-step. The reward signal is
sparse: 0 every time-step, and 1 when the goal is reached. The episode ends with a
reward of 0 after 500 time-steps. This sparse reward function heavily stresses the
ability of a reinforcement-learning algorithm to train deep convolutional neural
networks on small amounts of reward data.

4.4 Results

Figure 2 shows the cumulative reward per episode obtained by various agents in
our four environments. These results are averaged across 8 runs per agent, with
the shaded regions representing the standard error. The plots compare BDPI
to the algorithms detailed in Section 4.1, and display the effect of varying key
hyper-parameters of BDPI.

Algorithms BDPI is the most sample-efficient of all the algorithms, and also
achieves the highest returns (especially on hard-to-explore Table and pixel-
based Hallway). BDPI with the Actor-Mimic loss matches BDPI with our actor
learning rule on Table, but fails to learn LunarLander and Hallway. ABCDQN
(BDPI without its actor) fails on Table, an environment where exploration is
key, and is generally inferior to BDPI. These results show that both having an
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Fig. 2. Results on our four environments. Top: BDPI (16 critics, updated for 4 iterations
per time-step) outperforms all the other algorithms in every environment. Middle: Vary-
ing the number of critics and how often they are trained, as long as there are more
than one critic, only has minimal impact on BDPI’s performance, which demonstrates
its robustness. Bottom: Adding off-policy noise (see text) does not impact BDPI on
any of the environments.

explicit actor, and training it with our update rule of Section 3.2, are necessary
to achieve top performance. Bootstrapped DQN is highly sample-efficient on
FrozenLake, but does not explore well enough on the other environments. PPO
and ACKTR, after extensive tuning and with several implementations tested,
are not as sample-efficient as BDPI and Bootstrapped DQN, two off-policy
algorithms using experience replay. Even with per-environment hyper-parameters,
PPO and ACKTR need about 5K episodes to learn FrozenLake, and 1K episodes
on Table. BDPI is the only algorithm that, with a single configuration for all
the environments, automatically adjusts to the complexity of a task to achieve
maximum sample-efficiency.

Interestingly, PPO and ACKTR do perform well on 3D Hallway. We ten-
tatively point out that, due to the prevalence of pixel-based environments in
the modern reinforcement-learning literature, current algorithms and hyper-
parameters may focus more on the representation learning problem than on
the reinforcement learning aspect of tasks. Also note that on Hallway, PPO
and ACKTR use 16 replicas of the environment (instead of 1 for BDPI, and
PPO/ACKTR on the other environments). This setting greatly stabilizes the
algorithms, but cannot be applied to real-world physical robots.
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Critics Increasing the number of critics leads to smoother learning curves in every
environment, at the cost of sample-efficiency in Table, where a higher variance in
the bootstrap distribution of critics seems to help with exploration. Having only
one critic seriously degrades BDPI’s performance, and having less than 16 critics
is detrimental on LunarLander, where the environment dynamics are complex.
This indicates that more critics are beneficial in complex environments, but may
slightly reduce pure exploration.

Off-Policy noise BDPI’s actor learning equations do not refer to any behavior
policy or on-policy return, and its critics are learned with a variant of Q-Learning.
This hints at BDPI being an off-policy algorithm. We now empirically confirm
this intuition. In this experiment, training episodes have, at each time-step, a
probability of 0.2 that the agents executes a random action, instead of what
the actor wants (0.05 on Table, where docking requires precise moves). Testing
episodes do not have this noise. The agent learns only from training episodes.
Such off-policy noise does not negatively impact BDPI’s learning performance.
Robustness to off-policy execution is an important property of BDPI for safety-
critical tasks with backup policies.

The performance of BDPI, obtained with a single set of hyper-parameters
for all the environments®, demonstrate BDPI’s sample-efficiency, high-quality
exploration, and strong robustness to hyper-parameters, as rigorously detailed in
the next section.

4.5 Robustness to Hyper-Parameters

Hyper-parameters often need to be tweaked depending on the environment.
Therefore, it is highly desirable that an algorithm provides good performance
even if not optimally configured, as BDPI does. To objectively measure an algo-
rithm’s robustness to its hyper-parameters, we draw inspiration from sensitivity
analysis. Thousands of runs of the algorithm are performed on randomly-sampled
configurations of hyper-parameters, with each configuration evaluated on the
total reward obtained over 800 episodes on LunarLander. Then, we compute the
average absolute difference of total reward between random pairs of configura-
tions, weighted by their distance in configuration space. This measures how much
changing hyper-parameters affects performance. The appendix gives more details,
and lists the hyper-parameters we consider for each algorithm.

We evaluated numerous algorithms available in the OpenAl baselines. The
algorithms, sorted by ascending sensitivity, are DQN with Prioritized ER (930),
BDPI (1167), vanilla DQN (1326), A2C (2369), PPO (2452), then ACKTR (5815).
Figure 5 in the appendix shows that the apparent robustness of DQN-family
algorithms comes from them performing equally badly for every configuration.
35% of BDPI’s configurations outperform the best configuration among all the
other algorithms.

5 Only the number of hidden neurons changes between some environments, a trivial
change.
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5 Conclusion and Future Work

In this paper, we propose Bootstrapped Dual Policy Iteration (BDPI), an al-
gorithm where a bootstrap distribution of aggressively-trained off-policy critics
provides an imitation target for an actor. Multiple critics, combined with our
actor learning rule, lead to high-quality exploration, comparable to bootstrapped
Thompson sampling. Off-policy critics can be learned with any state-of-the-art
value-based algorithm, depending on the application domain. BDPI is easy to im-
plement, and remarkably robust to its hyper-parameters. The hyper-parameters
we used for the highly-stochastic FrozenLake gridworld allowed BDPI to largely
outperform the state of the art on three other environments, one of which pixel-
based. This, and the availability of BDPI’s full source code, makes it one of the
first plug-and-play reinforcement-learning algorithm that can easily be applied
to new tasks.

While we focus on discrete actions in this paper, the high-quality exploration
and robustness to sparse rewards of BDPI lead to encouraging results with
discretized continuous action spaces. In Figure 3, we show that Binary Action
Search, an approach that allows precise control of continuous actions, at the cost
of increased sparsity in the reward function [32], allows BDPI to outperform the
Soft Actor-Critic and TD3, three state-of-the-art continuous-actions algorithms.
In future work, we will explore and evaluate various discretization approaches,
pursuing the goal of applying BDPI to today’s complicated continuous-action
tasks.
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