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Abstract
In this paper, we propose a novel Reinforcement
Learning (RL) framework for problems with
continuous action spaces: Action Quantization
from Demonstrations (AQuaDem). The proposed
approach consists in learning a discretization of
continuous action spaces from human demon-
strations. This discretization returns a set of
plausible actions (in light of the demonstrations)
for each input state, thus capturing the priors of
the demonstrator and their multimodal behavior.
By discretizing the action space, any discrete
action deep RL technique can be readily applied
to the continuous control problem. Experiments
show that the proposed approach outperforms
state-of-the-art methods such as SAC in the
RL setup, and GAIL in the Imitation Learning
setup. We provide a website with interactive
videos: https://google-research.
github.io/aquadem/ and make the
code available: https://github.com/
google-research/google-research/
tree/master/aquadem.

1. Introduction
With several successes on highly challenging tasks including
strategy games such as Go (Silver et al., 2016), StarCraft
(Vinyals et al., 2019) or Dota 2 (Berner et al., 2019) as
well as robotic manipulation (Andrychowicz et al., 2020),
Reinforcement Learning (RL) holds a tremendous potential
for solving sequential decision making problems. RL relies
on Markov Decision Processes (MDP) (Puterman, 2014)
as its cornerstone, a general framework under which vastly
different problems can be casted.

There is a clear separation in the class of MDPs between
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the discrete action setup, where an agent faces a countable
set of actions, and the continuous action setup, where an
agent faces an uncountable set of actions. When the number
of actions is finite and small, computing the maximum of
the action-value function is straightforward (and implicitly
defines a greedy policy). In the continuous action setup, the
parametrized policy either directly optimizes the expected
value function that is estimated through Monte Carlo roll-
outs (Williams, 1992), which makes it demanding in inter-
actions with the environment, or optimizes a parametrized
state-action value function (Konda & Tsitsiklis, 2000) hence
introducing additional sources of approximations.

Therefore, a workaround consists in turning a continuous
control problem into a discrete one. The simplest approach
is to naively (e.g. uniformly) discretize the action space,
an idea which dates back to the “bang-bang” controller
(Bushaw, 1953). However, such a discretization scheme suf-
fers from the curse of dimensionality. Various methods have
addressed this limitation by making the strong assumption of
independence (Tavakoli et al., 2018; Tang & Agrawal, 2020;
Andrychowicz et al., 2020) or of causal dependence (Metz
et al., 2017; Vinyals et al., 2019; Sakryukin et al., 2020;
Tavakoli et al., 2021) between the action dimensions which
are typically complex and task-specific (e.g. autoregressive
policies, pointer networks based architectures).

In this work, we introduce a novel approach leveraging the
prior of human demonstrations for reducing a continuous
action space to a discrete set of meaningful actions. Demon-
strations typically consist of transitions experienced by a
human in the targeted environment, performing the task
at hand or interacting without any specific goal i.e. play.
The side effect of using demonstrations to discretize the
action space is to filter out useless/hazardous actions, thus
focusing the search on relevant actions and possibly facil-
itating exploration. Besides, using a set of actions rather
than a single one (Behavioral Cloning) enables to capture
the multimodality of behaviors in the demonstrations.

We thus propose Action Quantization from Demonstrations,
or AQuaDem, a novel paradigm where we learn a state de-
pendent discretization of a continuous action space using
demonstrations, enabling the use of discrete-action deep RL
methods. We formalize this paradigm, provide a neural im-
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Figure 1.Visualization of the AQuaDem framework (of�ine) with a downstream algorithm (online).

plementation and analyze it through visualizations in simple
grid worlds. We empirically evaluate this discretization strat-
egy on three downstream task setups: Reinforcement Learn-
ing with demonstrations, Reinforcement Learning with play
data (demonstrations of a human playing in an environment
but not solving any speci�c task), and Imitation Learning.
We test the resulting methods on challenging manipulation
tasks and show that they outperform state-of-the-art continu-
ous control methods both in terms of sample-ef�ciency and
performance on every setup.

2. Preliminaries

Markov Decision Process. We model the sequential de-
cision making problem as a Markov Decision Process
(MDP) (Puterman, 2014; Sutton & Barto, 2018). An MDP
is a tuple(S; A ; P; r; 
; � 0), whereS is the state space,A
is the action space,P is the transition kernel,r is the ex-
pected reward function,
 the discount factor and� 0 the
initial state distribution. Throughout the paper, we distin-
guish discrete action spaces, which simply amount to a
setf 1; : : : ; K g, from continuous action spaces which con-
sist in an interval ofRd whered is the dimensionality of
the action space. A stationary policy� is a mapping from
states to distributions over actions. The value functionV �

of a policy � is de�ned as the expected discounted cumu-
lative reward from starting in a particular state and act-
ing according to� : V � (s) = E

� P 1
t =0 
 t r (st ; at )js0 =

s; at � � (st ); st +1 � P (st ; at ))
�
. An optimal policy

� � maximizes the value functionV � �
for all states. The

action-value functionQ� is de�ned as the expected dis-
counted cumulative reward from starting in a particular
state, taking an action and then acting according to� :
Q� (s; a) = r (s; a) + 
 E

�
V � (s0)js0 � P (s; a)

�
.

Value-based RL. The Bellman (1957) operatorT con-
nects an action-value functionQ for the state-action pair
(s; a) to the action-value function in the subsequent states0:
T � (Q)(s; a) := r (s; a) + 
 E

�
Q(s0; a0)ja0 � � (s); s0 �

P(s; a)
�
. Value Iteration (VI) (Bertsekas, 2000) is the

basis for methods using the Bellman equation to derive
algorithms estimating the optimal policy� � . The proto-
typical example is theQ-learning algorithm (Watkins &
Dayan, 1992), which is the basis ofe.g.DQN (Mnih et al.,

2015), and consists in the repeated application of a stochas-
tic approximation of the Bellman operatorQ(s; a) :=
r (s; a) + 
 maxa0 Q(s0; a0), where(s; a; s0) is a transition
sampled from the MDP. TheQ-learning algorithm exempli-
�es two desirable traits of VI-inspired methods in discrete
action spaces that are1) bootstrapping: the currentQ-value
estimate at the next states0 is used to compute a �ner esti-
mate of theQ-value at states, and2) the exact derivation of
the maximumQ-value at a given state. For continuous ac-
tion spaces, state-of-the-art methods (Haarnoja et al., 2018a;
Fujimoto et al., 2018) are also fundamentally close to a VI
scheme, as they rely on Bellman consistency, with the dif-
ference being that the argument maximizing theQ-value, in
other words the parametrized policy, is approximate.

Demonstration data. Additional data consisting of transi-
tions from an agent may be available. These demonstrations
may contain the reward information or not. In the context
of Imitation Learning (Pomerleau, 1991; Ng et al., 1999;
2000; Ziebart et al., 2008), the assumption is that the agent
generating the demonstration data is near-optimal and that
rewards are not provided. The objective is then to match
the distribution of the agent with the one of the expert. In
the context of Reinforcement Learning with demonstrations
(RLfD) (Hester et al., 2018; Vecerik et al., 2017), demon-
stration rewards are provided. They are typically used in
the form of auxiliary objectives together with a standard
learning agent whose goal is to maximize the environment
reward. In the context of Reinforcement Learning with
play (Lynch et al., 2020), demonstration rewards are not
provided as play data is typically not task-speci�c.

Demonstration data can come from various sources, al-
though a common assumption is that it is generated by
a single, unimodal Markovian policy. However, most of
available data comes from agents that do not ful�ll this con-
dition. In particular, for human data, and even more so when
coming from several individuals, the behavior generating
the episodes may not be unimodal nor Markovian.

3. Method

In this section, we introduce the AQuaDem framework and
a practical neural network implementation together with an
accompanying objective function. We provide a series of
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visualizations to study the candidate actions learned with
AQuaDem in gridworld experiments.

3.1. AQuaDem: Action Quantization from
Demonstrations

Our objective is to reduce a continuous control problem to a
discrete action one, on which we can apply discrete-action
RL methods. Using demonstrations, we wish to assign to
each states 2 S a set ofK candidate actions fromA.
The resulting action space is therefore a discrete �nite set
of K state-conditioned vectors. In a given states 2 S,
picking actionk 2 f 1; : : : ; K g stands for picking thekth

candidate action for that particular state. The AQuaDem
framework refers to the discretization of the action space,
and the resulting discrete action algorithms used with AQua-
Dem on continuous control tasks are detailed in Section 4.
We propose to learn the discrete action space through a mod-
i�ed version of the Behavioral Cloning (BC) (Pomerleau,
1991) reconstruction loss that captures the multimodality
of demonstrations. Indeed the typical BC implementation
consists in building a deterministic mapping between states
and actions� : S 7! A . But in practice, and in particular
when the demonstrator is human, the demonstrator can take
multiple actions in a given state (we say that its behavior is
multimodal) which are all relevant candidates for AQuaDem.
We thus learn a mapping	 : S 7! A K from states to a set
of K candidate actions and optimize a reconstruction loss
based on a soft minimum between the candidate actions and
the demonstrated action.

Suppose we have a dataset of expert demonstrationsD =
f (si ; ai )g1:n . In the continuous action setting, the vanilla
BC approach consists in �nding a parametrized functionf �

that minimizes the reconstruction error between predicted
actions and actions in the datasetD. To ease notations, we
will con�ate the functionf � with its parameters� and sim-
ply note it � : S 7! A . The objective is thus to minimize:
min � Es;a �D k�( s) � ak2. Instead, we propose to learn
a set ofK actions	 k (s) for each state by minimizing the
following loss:

min
	

E
s;a �D

�
� T log

� KX

k=1

exp(
�k 	 k (s) � ak2

T
)
��

(1)

where the temperatureT is a hyperparameter. Equation(1)
corresponds to minimizing a soft-minimum between the
candidates actions	 1(s); : : : ; 	 K (s) and the demonstrated
actiona. Note that withK = 1 , this is exactly the BC loss.
The larger the temperatureT is, the more the loss imposes
all candidate actions to be close to the demonstrated action
a thus reducing to the BC loss. The lower the temperature
T is, the more the loss only imposes a single candidate
action to be close to the demonstrated actiona. We provide
empirical evidence of this phenomenon in Section 3.2 and

provite a formal justi�cation in Appendix B. Equation(1) is
also interpretable in the context of Gaussian mixture models
(see Appendix A). The	 function enables us to de�ne a
new MDP where the continuous action space is replaced by
a discrete action space of sizeK corresponding to theK
action candidates returned by	 at each state.

3.2. Visualization

In this section, we analyze the actions learned through the
AQuaDem framework, in a toy grid world environment. We
introduce a continuous action grid world with demonstra-
tions in Figure 2.

Figure 2.Grid world environment with a start state (bottom left),
and a goal state (top right). Actions are continuous, and give the
direction in which the agent take a step with �xed length. The
stochastic demonstrator moves either right or up in the bottom left
of the environment then moves diagonally until reaching and edge
and goes either up or right to the target. The demonstrations are
represented in the different colors.

We de�ne a neural network	 and optimize its parameters by
minimizing the objective function de�ned in Equation(1)
(implementation details can be found in Appendix G.1).
We display the resulting candidate actions across the state
space in Figure 3. As each color of the arrows depicts a
single head of the	 network, we observe that the action
candidates aresmooth: action candidates slowly vary as
the state vary, which prevents to have inconsistent action
candidates in nearby states. Note that BC actions tend to
bediagonaleven in the bottom left part of the action space,
where the demonstrator only takes horizontal or vertical
actions. On the contrary, the action candidates learned by
AQuaDem include the actions taken by the demonstrator
conditioned on the states. Remark that in the case ofK = 2 ,
the actionright is learned independently of the state position
(middle plot in Figure 3) although it is only executed in a
subspace of the action space. In the case ofK = 3 , actions
are completely state-independent. In non-trivial tasks, the
state dependence induced by the AQuaDem framework is
essential, as we show in the ablation study in Appendix D
and in the analysis of the actions learned in a more realistic
setup in Appendix C.
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Figure 3.Visualisation of the actions learned by BC and the candi-
date actions learned with AQuaDem forK = 2 andK = 3 and
T = 0 :01. Each color represents a head of the	 network.

In�uence of the temperature. The temperature controls
the degree of smoothness of the soft-minimum de�ned in
Equation(1). We show that with larger temperatures, the
soft-minimum converges to the average which is well rep-
resented in Figure 4 rightmost plot where the pro�le of
AQuaDem's action candidates con�ate with actions learned
by BC. With lower temperatures, the actions taken by the
demonstrator are recovered, but if the temperature is too
low (T = 0 :001), some actions that are not taken by the
demonstrator might appear as candidates (blue arrows in the
leftmost �gure). This occurs because the soft minimum con-
verges to a hard minimum with lower temperatures meaning
that as long as one candidate is close enough to the demon-
strated action, the other candidates can be arbitrarily far off.
In this work, we treat the temperature as a hyperparameter,
although a natural direction for future work is to aggregate
actions learned for different temperatures.

Figure 4.In�uence of the temperature on resulting candidate ac-
tions learned with AQuaDem.

3.3. Discussion

On losing the optimal policy. In any form of discretiza-
tion scheme, the resulting class of policies might not in-
clude the optimal policy of the original MDP. In the case
of AQuaDem, this mainly depends on the quality of the
demonstrations. For standard continuous control methods,
the parametrization of the policy also constrains the space of
possible policies, potentially not including the optimal one.
This is a lesser problem since policies tend to be represented
with functions with universal approximation capabilities.
Nevertheless, for most continuous control methods, the pol-
icy improvement step is approximate, while in the case
of AQuaDem it is exact, since it amounts to selecting the
argmax of theQ-values.

On the multimodality of demonstrations. The multi-
modality of demonstrations enables us to de�ne multiple
plausible actions for the agent to take in a given state, guided
by the priors of the demonstrations. We argue that the as-
sumption of multimodality of the demonstrator should ac-
tually be systematic (Mandlekar et al., 2021). Indeed, the
demonstrator can bee.g. non-Markovian, optimizing for
something different than a reward function like curiosity
(Barto et al., 2013), or they can be in the process of learning
how to interact with the environment. When demonstrations
are gathered from multiple demonstrators, this naturally
leads to multiple modalities in the demonstrations. And
even in the case where the demonstrator is optimal, multiple
actions might be equally good (e.g. in navigation tasks).
Finally, the demonstrator can interact with an environment
without any task speci�c intent, which we refer to asplay
(Lynch et al., 2020) and also induces a multimodal behavior.

4. Experiments

In this section, we evaluate the AQuaDem framework on
three different downstream tasks setups: RL with demon-
strations, RL with play data and Imitation Learning. For
all experiments, we detail the networks architectures, hy-
perparameters search, and training procedures in the Ap-
pendix and we provide videos of all the agents trained in
the website. We also provide results for Of�ine RL in Ap-
pendix F.

4.1. Reinforcement Learning with demonstrations

Setup. In the Reinforcement Learning with demonstra-
tions setup (RLfD), the environment of interest comes with
a reward function and demonstrations (which include the
reward), and the goal is to learn a policy that maximizes
the expected return. This setup is particularly interesting
for sparse reward tasks, where the reward function is easy
to de�ne (say reaching a goal state) and where RL meth-
ods typically fail because the exploration problem is too
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Figure 5.Performance of AQuaDQN against SAC and SACfD. Agents are evaluated every50k environment steps over 30 episodes. We
represent the median performance in terms of success rate (bottom) and returns (top) as well as the interquartile range over 10 seeds.

hard. We consider the Adroit tasks (Rajeswaran et al., 2017)
represented in Figure 11, for which human demonstrations
are available (25 episodes acquired using a virtual reality
system). These environments come with a dense reward
function that we replace with the followingsparse reward:
1 if the goal is achieved,0 otherwise.

Algorithm & baselines. The algorithm we propose is a
two-fold training procedure:1) we learn a discretization of
the action space in a fully of�ine fashion using the AQua-
Dem framework from human demonstrations;2) we train
a discrete action deep RL algorithm on top of this this dis-
cretization. We refer to this algorithm as AQuaDQN. The
RL algorithm considered is Munchausen DQN (Vieillard
et al., 2020) as it is the state of the art on the Atari bench-
mark (Bellemare et al., 2013) (although we use the non-
distributional version of it which simply amounts to DQN
(Mnih et al., 2015) with a regularization term). To make as
much use of the demonstrations as possible, we maintain
two replay buffers: one containing interactions with the
environment, the other containing the demonstrations that
we sample using a �xed ratio similarly to DQfD (Hester
et al., 2018), although we do not use the additional recipes
of DQfD (multiple n-step evaluation of the bootstrapped
estimate ofQ, BC regularization term) for the sake of sim-
plicity. When sampling demonstrations, the actions are
discretized by taking the closest AQuaDem action candidate
(using the Euclidean norm). We consider SAC and SAC
from demonstrations (SACfD) –a modi�ed version of SAC
where demonstrations are added to the replay buffer (Ve-
cerik et al., 2017)– as baselines against the proposed method.
The implementation is from Acme (Hoffman et al., 2020).
We do not include naive discretization baselines here, as the
dimension of the action space is at least 24, which would
lead to a224 ' 16M actions with a binary discretization
scheme, which is prohibitive without additional assumptions

on the structure of the action-value function.

Figure 6.AQuaDem discretization loss.

Evaluation & results. We train the different methods on
1M environment interactions on10 seeds for the chosen
hyperparameters (a single set of hyperameters for all tasks)
and evaluate the agents every50k environment interactions
(without exploration noise) on30 episodes. An episode
is considered a success if the goal is achieved during the
episode. The AQuaDem discretization is trained of�ine us-
ing 50k gradient steps on batches of size256. The number
of actions considered were10; 15; 20 and we found10 to
be performing the best. Figure 6 shows the AQuaDem loss
through the training procedure of the discretization step,
and the Figure 5 shows the returns of the trained agents as
well as their success rate. On Door, Pen, and Hammer, the
AQuaDQN agent reaches high success rate, largely outper-
forming SACfD in terms of success and sample ef�ciency.

On Relocate, all methods reach poor results (although
AQuaDQN slightly outperforms the baselines). The task
requires a larger degree of generalisation than the other
three since the goal state and the initial ball position are
changing at each episode. We show in Figure 7 that when
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Figure 7.Performance of AQuaDQN against SAC and SACfD
baselines when all are tuned on the Relocate environment. We
represent the median performance in terms of success rate as well
as the interquartile range over 10 seeds.

tuned uniquely on the Relocate environment and with more
environment interactions, AQuaDQN manages to reach a
50% success rate where other methods still fail. Notice
that on the Door environment, the SAC and SACfD agents
outperform the AQuaDQN agent in terms of �nal return
(but not in term of success rate). The behavior of these
agents are however different from the demonstrator since
they consist in slapping the handle and abruptly pulling
it back. We provide videos of all resulting agents with
one episode for each seed which is not cherry picked to
demonstrate that AQuaDQN consistently learns a behav-
ior that is qualitatively closer to the demonstrator (https:
//youtu.be/MyZzfA7RFnw ).

4.2. Imitation Learning

Setup. In Imitation Learning, the task is not speci�ed
by the reward function but by the demonstrations them-
selves. The goal is to mimic the demonstrated behavior.
There is no reward function and the notion of success is ill-
de�ned (Hussenot et al., 2021). A number of existing works
(Ho & Ermon, 2016; Ghasemipour et al., 2019; Dadashi
et al., 2021) cast the problem into matching the state distri-
butions of the agent and of the expert. Imitation Learning
is of particular interest when designing a satisfying reward
function –one that would lead the desired behavior to be the
only optimal policy– is harder than directly demonstrating
this behavior. In this setup, there is no reward provided, not
in the environment interactions nor in the demonstrations.
We again consider the Adroit environments and the human
demonstrations which consist of 25 episodes acquired via a
virtual reality system.

Algorithm & baselines. Again, the algorithm we propose
has two stages.1) We learn –fully of�ine– a discretization
of the action space using AQuaDem.2) We train a discrete
action version of the GAIL algorithm (Ho & Ermon, 2016)

in the discretized environment. More precisely, we inter-
leave the training of a discriminator between demonstrations
and agent experiences, and the training of a Munchausen
DQN agent that maximizes the confusion of this discrimi-
nator. The Munchausen DQN takes one of the candidates
actions given by AQuaDem. We call this algorithm AQua-
GAIL. As a baseline, we consider the GAIL algorithm with
a SAC (Haarnoja et al., 2018a) agent directly maximizing
the confusion of the discriminator. This results in a very sim-
ilar algorithm as the one proposed by Kostrikov et al. (2019).
We also include the results of BC (Pomerleau, 1991) as well
as BC with multiple Mixture Density Networks (MDN)
(Bishop, 1994).

Evaluation & results. We train AQuaGAIL and GAIL
for 1M environment interactions on 10 seeds for the se-
lected hyperparameters (a single set for all tasks). BC and
MDN are trained for 60k gradient steps with batch size
256. We evaluate the agents every50k environment steps
during training (without exploration noise) on 30 episodes.
The AQuaDem discretization is trained of�ine using50k
gradient steps on batches of size256. The results are pro-
vided in Figure 8. Evaluating imitation learning algorithms
has to be done carefully as the goal to “mimic a behavior”
is ill-de�ned. Here, we provide the results according to
two metrics. On top, the success rate is de�ned in Sec-
tion 4.1. Notice that the human demonstrations do not have
a success score of 1 on every task. We see that, except for
Relocate, which is a hard task to solve with only 25 human
demonstrations due to the necessity to generalize to new
positions of the ball and the target, AQuaGAIL solves the
tasks as successfully as the humans, outperforming GAIL,
BC and MDN. Notice that our results corroborate previous
work (Orsini et al., 2021) that showed poor performance of
GAIL on human demonstrations after 1M steps. The second
metric we provide, on the bottom, is the Wasserstein dis-
tance between the state distribution of the demonstrations
and the one of the agent. We compute it using the POT
library (Flamary et al., 2021) and use the Sinkhorn distance,
a regularized version of the Wasserstein distance, as it is
faster to compute. The “human” Wasserstein distance score
is computed by randomly taking 5 episodes out of the 25 hu-
man demonstrations and compute the Wasserstein distance
to the remaining 20. We repeat this procedure 100 times and
plot the median (and the interquartile range) of the obtained
values. Remark that AQuaGAIL is able to get much closer
behavior to the human than BC, GAIL and MDN on all
four environments in terms of Wasserstein distance. This
supports that AQuaDem leads to policies much closer to the
demonstrator. We provide videos of the trained agents as
an additional qualitative empirical evidence to support this
claim (https://youtu.be/PxNIPx93slk ).
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Figure 8.Performance of AQuaGAIL against GAIL, BC and MDN baselines. Agents are evaluated every50k environment steps over
30 episodes. We represent the median success rate (top) on the task as well as the Wasserstein distance (bottom) of the agent's state
distribution to the expert's state distribution as well as the interquartile range over 10 seeds.

4.3. Reinforcement Learning with play data

Setup. The Reinforcement Learning with play data is an
under-explored yet natural setup (Gupta et al., 2019). In
this setup, the environment of interest has multiple tasks, a
shared observation and action space for each task, and a re-
ward function speci�c to each of the tasks. We also assume
that we have access toplay data, introduced by Lynch et al.
(2020), which consists in episodes from a human demonstra-
tor interacting with an environment with the sole intention
to play with it. The goal is to learn an optimal policy for
each of the tasks. We consider the Robodesk tasks (Kannan
et al., 2021) shown in Figure 11, for which we acquired play
data. We expand on the environment as well as the data
collection procedure in the Appendix G.2.

Algorithm & baselines. Similarly to the RLfD setting,
we propose a two-fold training procedure:1) we learn a
discretization of the action space in a fully of�ine fashion
using the AQuaDem framework on the play data,2) we train
a discrete action deep RL algorithm using this discretiza-
tion on each tasks. We refer to this algorithm as AQuaPlay.
Unlike the RLfD setting, the demonstrations do not include
any task speci�c reward nor goal labels meaning that we
cannot incorporate the demonstration episodes in the replay
buffer nor use some form of goal-conditioned BC. We use
SAC as a baseline, which is trained to optimize task speci�c
rewards. Since the action space dimensionality is fairly low
(5-dimensional), we can include naive uniform discretiza-
tion baselines that we refer to as “bang-bang” (Bushaw,
1953). The original “bang-bang” controller (BB-2) is based
on the extrema of the action space, we also provide a uni-
form discretization scheme based on 3 and 5 bins per action
dimension, that we refer to as BB-3 and BB-5 respectively.

Evaluation & results. We train the different methods on
1M environment interactions on10 seeds for the chosen
hyperparameters (a single set of hyperameters for all tasks)
and evaluate the agents every50k environment interactions
(without exploration noise) on30episodes. The AQuaDem
discretization is trained of�ine on play data using50k gra-
dient steps on batches of size256. The number of actions
considered were10; 20; 30; 40 and we found30 to be per-
forming the best. It is interesting to notice that it is higher
than for the previous setups. It aligns with the intuition
that with play data, several behaviors needs to be mod-
elled. The results are provided in Figure 9. The AQuaPlay
agent consistently outperforms SAC in this setup. Interest-
ingly, the performance of the BB agent decreases with the
discretization granularity, well exemplifying the curse of
dimensionality of the method. In fact, BB with a binary
discretization (BB-2) is competitive with AQuaPlay, which
validates that discrete action RL algorithms are well per-
forming if the discrete actions are suf�cient to solve the task.
Note however that the Robodesk environment is a relatively
low-dimensional action environment, making it possible to
have BB as a baseline, which is not the case ofe.g.Adroit
where the action space is high-dimensional.

5. Related Work

Continuous action discretization. The discretization of
continuous action spaces has been introduced in control
problems by Bushaw (1953) with the “bang-bang” controller
(Bellman et al., 1956). This naive discretization is problem-
atic in high-dimensional action spaces, as the number of
actions grows exponentially with the action dimensionality.
To mitigate this phenomenon, a possible strategy is to as-
sume that action dimensions are independent (Tavakoli et al.,
2018; Andrychowicz et al., 2020; Vieillard et al., 2021; Tang
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Figure 9.Performance of AQuaPlay against SAC and “bang-bang” baselines. Agents are evaluated every50k environment steps over 30
episodes. We represent the median return as well as the interquartile range over 10 seeds.

& Agrawal, 2020), or to assume or learn a causal depen-
dence between them (Metz et al., 2017; Tessler et al., 2019;
Sakryukin et al., 2020; Tavakoli et al., 2021). The AQua-
Dem framework circumvents the curse of dimensionality as
the discretization is based on the demonstrations and hence
is dependent on the multimodality of the actions picked by
the demonstrator rather than the dimensionality of the action
space. Recently, Seyde et al. (2021) replaced the Gaussian
parametrization of continuous control methods, including
SAC, by a Bernoulli parametrization to sample extremal
actions (still relying on a sampling-based optimisation due
to the high dimensionality of the action space), and show
that performance remains similar on the DM control bench-
mark (Tassa et al., 2020). The AQuaDem framework does
not favor extremal actions (which could be suboptimal) but
the actions selected by the demonstrator instead. Close to
our setup is the case where the action space is both discrete
and continuous (Neunert et al., 2020) or the action space is
discrete and large (Dulac-Arnold et al., 2015). Those setups
are interesting directions for extending AQuaDem.

Q-learning in continuous action spaces. Policy-based
methods consist in solving continuous or discrete MDPs
based on maximizing the expected return over the param-
eters of a family of policies. If the return is estimated
through Monte Carlo rollouts, this leads to algorithms that
are typically sample-inef�cient and dif�cult to train in high-
dimensional action spaces (Williams, 1992; Schulman et al.,

2015; 2017). As a result, a number of policy-based meth-
ods inspired from the policy gradient theorem (Sutton et al.,
2000), aim at maximizing the return using an approximate
version of theQ-value thus making them more sample-
ef�cient. One common architecture is to parameterize a
Q-value, which is estimated by enforcing Bellman consis-
tency, and de�ne a policy using an optimization procedure
of the parametrizedQ-value. Typical strategies to solve
theQ-value maximization include enforcing theQ-value
to be concave (Gu et al., 2016; Amos et al., 2017) making
it easy to optimize throughe.g. gradient ascent, to use a
black box optimization method (Kalashnikov et al., 2018;
Simmons-Edler et al., 2019; Lim et al., 2018), to solve a
mixed integer programming problem (Ryu et al., 2020), or to
follow a biased estimate of the policy gradient based on the
approximateQ-value (Konda & Tsitsiklis, 2000; Lillicrap
et al., 2016; Haarnoja et al., 2018a; Fujimoto et al., 2018).
Recently, Asadi et al. (2021) proposed to use a network
that outputs actions together with their associatedQ-values,
tuned for each of the tasks at hand, on low-dimensional
action spaces. Note that maximizing the approximateQ-
value is a key problem that does not appear insmalldiscrete
action spaces as in the AQuaDem framework.

Hierarchical Imitation Learning. A number of ap-
proaches have explored the learning ofprimitivesor options
from demonstrations together with a high-level controller
that is either learned from demonstrations (Kroemer et al.,


