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ABSTRACT

This article presents an introduction to the field of deep reinforcement learning. It is primarily
intended for students taking their first steps in this field. First, a general introduction to reinforcement
learning is given, defining the approach and describing its origins and current trends. Then, the
essential foundations of reinforcement learning algorithms — i.e., value, policy, and model — are
described. Then the main model-free deep reinforcement learning algorithms are explained. Finally,
current directions of research on deep reinforcement learning are introduced.
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1 Introduction

1.1 Reinforcement learning paradigm

Reinforcement Learning (RL) is a machine learning paradigm that enables artificial agents to learn a strategy for
behaving in order to maximise some reward signal. The core mechanic of RL is trial-and-error: the learner sequentially
tries actions, obtains rewards, and updates their strategy based on their findings. Throughout many of these cycles, the
learner progressively acquires knowledge about the task. From this knowledge, a strategy for solving the task can be
devised.

This trial-and-error loop makes for the first crucial distinction with other machine learning paradigms: the RL agent is
the primary source of its training data. In supervised and unsupervised learning, a fixed set of data points are given
beforehand and used learn a mapping between inputs and outputs to optimise some objective over this data. In RL,
there is no necessary pre-existing data’, only some definition of the learning environment and agent. From there, the
agent will generate its own training data by acting in the environment, learning from its experience, and so on.

Another key difference is in the objective optimised during training. In supervised and unsupervised learning, the
learning task is defined by a mathematical cost function directly computed over the model’s prediction and the data
points — e.g., minimising the prediction error of an image recognition model. In RL, the learning task is defined by the
rewards signal that should be maximised by the agents. While this reward is often refer to as a function, in practice, it is
not a mathematical function of the learner’s actions. The reward is a signal given by the environment to the agent: it
may be the score in a video game, a note given by a human observer, or a win state in a tabletop game — i.e., 1 for
"game won", -1 for "game lost". The goal of the RL algorithm is to shape the agent’s strategy for selecting actions in
order to maximise the received rewards. This requires the use of a series of mathematical tricks to translate the objective
of "maximising the rewards" into a learnable objective linked to the agent’s actions.

These two specific characteristics of the RL paradigm are both major sources of trouble. Because the agent generates its
own training data, the way it behaves directly impacts the data distribution it will observe. Throughout training, its
behaviour changes as a result of each learning updates, which in turn changes the training data distribution. Overall,
this self-generated data collection mechanism is a great source of variance, making training more prone to the influence
of all parameters involved — e.g., seed, hyperparameters, environment parameters. In addition, the lack of explicit
mathematical link between the actions and the task performance makes updating the agent’s behaviour particularly
difficult, as it requires techniques to estimate the actions’ impact on the observed performance and deduce a way to

2Even though it is possible to use RL techniques over pre-existing data points.
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update the behaviour. This is, again, another source of variance as these estimations are often imperfect, thus introducing
noise in learning.

For these reasons, RL is difficult to implement effectively. In practice, supervised learning is always preferred to
RL if the context allows it. However, RL remains a great tool for artificial intelligence, as it allows to optimise any
given numerical signal. Thus, in any task where it is not possible to compute a learning objective directly from the
model’s outputs — because the performance depends on external, possibly qualitative, measures —, supervised and
unsupervised learning become useless, and RL can be used instead.

1.2 Trends and challenges

A particularly appealing aspect of RL lies in its way of emulating the way humans and other animals learn in the real
world. In fact, while the term "reinforcement learning" now refers widely to a class of learning algorithms, the idea
of learning through reinforcement has also been used for a long time beyond the scope of computer science. Many
concepts of RL derive from neuroscience and are still used to describe the functioning of our brain (Schultz et al., 1997,
Friston, 2010) or to study mental illness (Montague et al., 2012). Reinforcement experiments are used in biology and
psychology to characterise intelligence and investigate how learning occurs in animals (Rescorla & Wagner, 1972;
Gardner & Gardner, 1984; Brembs, 2010). RL is also closely tied to evolutionary biology, where evolution can be
described as finding the best strategy to adapt to the environment through natural selection. This definition is at the core
of "Evolutionary Algorithms" (Eiben & Smith, 2003) which shares common tools with RL.

In computer science, RL was introduced during the second half of the 20th century, from various fields of research in
neuroscience, optimisation, control theory, and electrical engineering (Sutton & Barto, 2018). Two main threads can be
recognised as direct origins of RL theories. One stems from the ethologist study of learning by trial-and-error, and
especially with reinforcing events (Thorndike, 1911; Rescorla & Wagner, 1972). These ideas influenced early works in
artificial intelligence, later integrating trial-and-error learning into electrical engineering (Walter, 1950) and computer
science (Minsky, 1961). The second branch is dynamic programming (Bellman, 1966), which investigated solving a
complex problem by breaking it into easier sub-problems. This involved the definition of many mathematical tools that
became the foundations of RL algorithms (see Section 2).

For practical reasons, the development of RL techniques has tackled many different recreational games, starting with
simple ones like checkers (see Figure 2.1.a; Samuel, 1959) and tic-tac-toe (Michie & Chambers, 1968). Such games
offer a convenient setting for reinforcement learning: the rules are easy to translate into a reward signal — e.g., 1 if the
game is won, 0 otherwise — and the game is simple enough to be simulated in computers. This last point is crucial to
allow running fast experiments in simulation. Indeed, RL tends to be sample inefficient, i.e., it requires a large number of
experiences to find a good strategy. Thus, simulated games allow acquiring these experiences extremely fast, sometimes
even playing multiple games in parallel. With more powerful computers, increasingly difficult games have been tackled
with RL methods. Notable instances are TD-Gammon for backgammon (Tesauro, 1994) and AlphaGo (see Figure
2.1.f; Silver et al., 2016) which demonstrated how RL techniques could be used to achieve superhuman performance in
the challenging game of Go. Following tabletop games, video games have recently been used as playgrounds for RL
research. They offer similar advantages while providing increased complexity in the variety of tasks and environments.
The Atari benchmark (see Figure 2.1.e; Bellemare et al., 2013) has been broadly adopted for its wide range of different
games with agents playing by looking at the pixel images, just like humans do. Recently, the popular video game
Minecraft has been invested as a new challenge for artificial intelligence research, thanks to its extremely diverse
environment and vast set of incremental skills (see Figure 2.1.h; Oh et al., 2016; Guss et al., 2019), showing the great
potential of modern video games for artificial intelligence research.

Concurrently to games, RL has also been employed for controlling robots. An early example of this is the classical
pole-balancing problem (Michie & Chambers, 1968) that features a pole balancing on a moving cart (see Figure 2.1.h):
the cart can move right or left and the reward is made only of a failure signal when the pole falls or the cart reaches
the end of the track. While controlling robots is a major drive of RL research, it remains a great challenge. Robotics
problems feature high-dimensional, continuous states and actions, which contrast with the discrete, finite state and
action spaces of tabletop games. To overcome this, solutions include partitioning the space of states or actions to reduce
complexity using linear function approximation (Busoniu et al., 2017), or using neural networks to extract features from
continuous states automatically (Bishop, 2006) (as we will see in Section 4). Another attribute of robotic environments
is partial observability, with robots having only incomplete information about the current state of the environment. This
has been tackled by learning a model of the environment’s dynamics (Bagnell & Schneider, 2001) (see Section 3.3)
or by providing the learner with memory to keep track of past information (Wierstra et al., 2007). Another challenge
in robotic settings is the design of a reward function. This requires translating the robot’s objective into a numerical
signal, which can be tedious. Intuitively, a robot could be rewarded positively when it completes its task. But this
would mean having only one reward signal for the whole episode. Such a sparse reward signal is an issue for RL as it



M. Toquebiau et al., An Introduction to Deep RL

(c) Teaching word to a chimpazee
(Gardner & Gardner, 1984)

(e) Atari benchmark
(Bellemare et al., 2013)

(g) Deepmind Control Suite in MuJoCo
(Tassa et al., 2018)

How can | help you today?

(1) ChatGPT (chat.openai.com)
(Ouyang et al., 2022)

|
e
Y

I

i

i

|

Z{

(O

—

(b) Pole-balancing problem
(Michie & Chambers, 1968)

(d) Flying an helicopter
(Bagnell & Schneider, 2001)

. #E KEJIE
¢ 00:17:05

(f) AlphaGo vs. best human
(Silver et al., 2016)
(Photograph by Wu Hong, in The
Guardian)

Navigate:
Treechop:

Obtain
Bed:

Obtain
Meat:

ObtainIron
Pickaxe:

Obtain
Diamond:

(h) Learning skills in Minecraft
(Guss et al., 2019)

Figure 1: Reinforcement learning environments in various domains of research.
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provides very few guidance for knowing what actions are contributed towards succeeding — or failing — in the task.
To fix this, reward shaping methods (Ng et al., 1999; Laud, 2004) construct reward functions to consistently guide the
learner towards the objective in a limited number of steps. Finally, a great challenge for learning robotic control with
RL is the cost of experimenting with robots. Learning by trial-and-error and sample inefficiency make experimenting
with physical hardware expensive and time-consuming. For these reasons, a preferred approach is often to learn a
model from demonstrations of wanted behaviour, imitating the actions of human tutors (Hester et al., 2018), which can
then fine-tuned with RL (Abbeel et al., 2006; Vecerik et al., 2017). Learning from demonstrated sequences of actions
simplifies the learning problem by recasting it as a supervised learning problem. Another solution is use simulated
environments like ROS (Macenski et al., 2022) or MuJoCo (see Figure 2.1.g; Todorov et al., 2012). However, a model
learnt in simulation will perform poorly in the real world due to the numerous inconsistencies between the two settings.
To tackle this reality-gap challenge, researchers have explored ways to make the RL agents more robust to the real
world transfer by adding noise and variety in the simulated environment (Tobin et al., 2017; Peng et al., 2018).

While control has been a main focus of RL, it has also been studied in other domains of artificial intelligence research.
A recent success has been the use of Reinforcement Learning from Human Feedback (RLHF; Christiano et al., 2017;
Stiennon et al., 2020) in language modelling. Language modelling is the task of learning to predict the next word in a
given sequence. In this context, RLHF fine-tunes initially supervised language models to better fit human preferences.
This technique is made possible by using reward modelling (Leike et al., 2018), where a model learns to predict the
rewards given by humans and is then used to train the RL model on a large number of generated experiences. This
allowed the development of conversational agents like the now widely used ChatGPT (Ouyang et al., 2022). The
success of RLHF approaches demonstrates the great potential of RL for learning to fit human requirements.

All these examples show the tremendous potential of RL to shape artificial intelligence research further. This is largely
due to the advent of deep reinforcement learning that sparked an ongoing revolution in the field during the last decade.
Today, RL is widely considered an important block to building more advanced forms of artificial intelligence (Silver
et al., 2021). However, this view is not shared by all (Mitchell, 2021) and RL still suffers from many limitations.
We have already mentioned the problems of sample inefficiency, safety, and the high cost of RL training. They all
generally hinder performance and prevent RL algorithms from being used extensively in robotics (Siinderhauf et al.,
2018; Ibarz et al., 2021) or autonomous driving (Kiran et al., 2022; Chen et al., 2023), with supervised alternatives
like imitation learning being far superior. These issues motivate various practical solutions (Ibarz et al., 2021), like
the aforementioned reward shaping strategy (Laud, 2004), as well as whole lines of research such as safe RL that
explicitly constrain RL to learn from safe states (Garcia et al., 2015), and curriculum learning that focuses on designing
a schedule of increasingly difficult tasks to improve training efficiency (Bengio et al., 2009; Uchendu et al., 2023). RL
also suffers from more practical issues inherent to its definitions and the tools it uses, such as issues with reproducibility,
high variance, and intricacy of the algorithms and their implementations (Henderson et al., 2018). As with the rest
of methods based on deep neural networks, there is also an issue with explainability and interpretability of deep RL
models. Deep neural networks act as black boxes with no explicit mean for interpreting their reasoning and, thus,
explaining their results (Rudin, 2019; Samek et al., 2021). With deep RL agents, interpreting the learnt behaviours and
understanding how training shaped them this way is often difficult.

2 Elements of Reinforcement Learning
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Figure 2: Diagram of the reinforcement learning interaction between the agent and its environment, from Sutton and
Barto (2018).

Reinforcement learning is the process of learning how to complete a particular task from trial-and-error. In this process,
we refer to the learner as an agent. The agent interacts with its environment over a sequence of discrete time steps
t ={0,1,2,...}. Each interaction consists in the agent receiving information on its state s; from the environment and
choosing an action a; to perform. Following the agent’s action, the environment produces a reward ;1 and a new
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Figure 3: Simple reinforcement learning environment where the goal is for a robot to navigate in the grid and find
the trophy cell. The robot can move in all four directions. The episode ends if the robot reaches the trophy or if the
maximum number of steps 7 is reached. States are defined by the position of the robot in the grid. Rewards for entering
each state are indicated in the bottom-right corner of each cell.
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state s;41. This process, illustrated in Figure 2, repeats indefinitely or stops after a finite number of steps 7. In the
latter case, we call this finite sequence of steps an episode. In the context of RL, the agent’s goal is to pick the right
actions to maximise the sum of future rewards.

The agent refers to the central entity of the experiment. It is often considered "intelligent"” for being: (i) reactive to
its environment, perceiving information from its surroundings and acting in response to these signals; (ii) proactive,
shaping its behaviour to satisfy its goals; and (iii) able to learn from its experience (Wooldridge & Jennings, 1995).
The goal of the agent is defined primarily by the task. It can be as straightforward as "picking up an object", or be a
more abstract objective like "give this person what they need". The environment refers to the setting where this task is
conducted, encompassing all elements except for the agent. The frontier between the agent and the environment is not a
physical boundary but rather a conceptual one: everything that cannot be changed arbitrarily by the agent is considered
part of the environment. For example, sensors, motors and mechanical joints of a robot should be considered parts of the
environment as they are subject to forces independent to the agent, which in this case refers to the program controlling
the robot. The states and actions depend on the agent’s capabilities in the environment. Like the goal, they can take
different forms, with various levels of abstraction. For example, the state of a robot could be concrete information about
its surroundings coming from its sensors (e.g., camera, lidar, inertial measurement unit), or more symbolic information
like the state of being in a particular room or not. Similarly, actions can be as concrete as "turning 4.5 degrees left", or
more high-level like "flip the pancake". The RL framework accounts for all these levels of abstraction, allowing its use
in many different settings.

2.1 Markov Decision Processes

The universally accepted framework for building RL algorithms is the Markov Decision Process (MDP; Howard,
1960). The MDP is a mathematical formalisation of the RL problem. It defines this problem as a tuple (S, A, 7, R). In
this tuple, S represents the set of all possible states in the environment: S = {Sy, S1, Sa, ...}. Similarly, A is the set of
all possible actions: A = {Ag, A, As,...}. In the example of Figure 3, S is the set of all eleven possible positions in
the grid, numbered from O to 10, and A contains four possible actions: A = {move_up, move_right, move_down,
move_left}. This setup describes the particular case of a finite MDP, where the number of possible states and actions
are finite. However, an MDP could also allow infinite states and actions if needed. For example, an autonomous driving
system could have its state defined as a continuous GPS position and its action as the continuously defined rotation
angle to apply to the steering wheel.

The transition function 7 defines the probability of transitioning from state s to state s’ by taking action a:
T(s'|s,a) =Pr{s;y1 =5 | s =s,a; = a}. (1

It dictates how the environment changes after performing an action. The transition function translates the agent’s move in
terms of probability: for example, in the setup of Figure 3, 7(S1|Sp, move_right) = 1 and 7 (S4|Sp, move_rigth) =
0. These probabilities describe a deterministic environment, where a given action performed in a particular state
always leads to the same outcome. On the other hand, in sfochastic environments, an action may have multiple
possible outcomes. For example, an action may fail with a probability of 0.01: 7 (S1|So, move_rigth) = 0.99 and
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T (So|Sop, move_rigth) = 0.01. In our example synthetic environment, we control the probability of each transition.
However, in more realistic settings, the transition function is unknown.

Finally, the reward function R defines the reward (s, s’) given by the environment for the transition from a state s to
a state s’. From this, we can compute the expected value of the reward obtained during a transition from state s to s’
with action a:

R(s,a,8") =E[rir1 =71(s,8") | st = s,a = a, 8441 = §']

= Z T(s'|s,a)r(s,s) )
s’eS

In Figure 3, the reward function is made of two elements: a positive reward signal if the agent reaches the goal and
a negative signal for all other states. The former is straightforward: it indicates that the task is complete. The latter
penalises the agent for entering any state that is not the terminal state. This kind of penalty is used often to urge the
agent to complete the task as fast as possible: the more steps are taken, the larger the accumulated penalty. The reward
depicted in Figure 3 can be described as sparse because there are very few positive reward signals to guide the agent
towards the objective. In this simple environment, this should not be an issue. But, in more complex settings with a
larger number of possible states, sparse rewards can become problematic.

The transition probability and reward function are often referred to as the environment dynamics, corresponding the
probability:

p(s',r|s,a) =Pr{siy1 =511 =718 =sa=a}, 3)
which is the probability of being in state s’ € S and receiving reward r € R, after performing action a € A in state
s€S.

2.2 Modeling the Agent

In the context of an MDP, the agent is modelled as a policy that selects actions depending on the current state of
the environment. This policy can be either deterministic or stochastic. A deterministic policy is a function 7 that
directly maps the current state s to an action « to perform: 7 : S — A, m(s) = a. A stochastic policy = is defined as
a function that maps states to probabilities over possible actions: the probability of choosing action a € A in state s
is m(als) € [0,1], with ) o (a|s) = 1. In some algorithms, the policy is explicitly learnt during training. But the
policy may also be derived from other learnt elements, or even random or unknown.

The agent uses the policy function to act in the environment, which results in a sequence of states, actions, and rewards
that is called a trajectory, denoted 7:

T = (80,00,71, 81,01, T2, $2, A2, ...). )
The goal of an RL algorithm is to find a policy that maximises the cumulative rewards in the generated trajectories. To
that end, the policy must choose actions to maximise the sum of future rewards which is called the return G, starting
from any step ¢:

Gy =141 +Teg2 + 743+ oo+ 11, (@)
with the episode ending at step 7'. In the case where T is infinite (i.e., the episode never ends) this formulation is

problematic as it can result in an infinite return. This motivates another formulation of the return where future rewards
are discounted by their distance in time to the current step. This discounted return is defined as:

o0
Gyi=rip1+ T2+ s+ = Z YTk, ©
k=0

with v € [0, 1] the discount factor. The discounted return favours rewards that are closer in time. The value of the
discount factor controls how far in time the reward should affect the decision of the agent: a ~y close to zero favours
immediate rewards, while a «y close to one favours long-term returns. In practice, almost all RL methods use the
discounted return, even if the episode ends in a finite number of steps 7.

Many RL algorithms use value functions that compute or estimate the expected return from any point in the trajectory.
The state-value function associated with policy 7, is defined as the expected return starting from any state s and
following policy 7:

Vi(s) = E;[G¢ | 8¢ = s], ™)
where E[] is the expected value of any random variable given that the agent always follows the policy 7. Similarly,
the action-value function associated with 7 computes the expected outcome of a particular action in a particular state,
following 7:

Qr(s,a) =E[Gy | st = s,a; = a. 8)
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As we will see in further sections, these value functions can be computed given the environment dynamics and a policy,
or learnt from experience and then used to choose actions accordingly or to do planning over multiple time steps.

An important property of the discounted return defined in Equation 6 is its successiveness: the return at step ¢ can be
expressed in function of the return of the following steps:

Gy = rep1 + VT2 + VT3 + 7 rega + o
= rep1 + V(P2 + T8 + VT rpa
=7Tt41 + VG- ©)
The same property can therefore be found for the value functions, here with the state-value:
V() = Ex[Gt | st = 8]
=Exlrip1 +7Giy1 | 8¢ = 8]
=Ex[ric1 +9Va(s') | 8t = 8,8001 = §']. (10)

The optimal policy is defined as the policy whose expected return is greater than or equal to that of all other possible
policies, for all possible states. In other words, a policy 7 is the optimal policy if V(s) > V. (s), for all s € S and all
possible other policies 7’. The optimal policy, denoted 7* is associated with the optimal value functions V* and Q*.
By definition, the optimal policy always chooses the action with the largest expected return, which can be noted as:

7 (s) = argmax Q" (s, a). (11)
a€A

Following this, the optimal state-value function of any state s is equal to the maximum value of Q* in this state:
V*(s) = maxQ*(s,a
() = max Q"(s,a)

= IglezK(Eﬂ*[Gt | st = s,a; = q]

= mzﬁiEﬂ* [rec1 +V* () | 8¢ = s,a0 = a, 8011 = 5] (12)
ac

This last result is the Bellman optimality equation (Bellman, 1957) for the state-value function. By unfolding the

expected value, we get:

V*(s) = max T(s'|s,a)[R(s,a,s)++V*(s)]. (13)
s’eS

It can also be expressed for the optimal action-value function as:

Q" (s) = En-[riga + Vgleai Q" (st+1,a") | 8¢ = 8,4, = d

= ST s [Res.0.8) + 7 max @500 (14)
prper a’€A
Bellman optimality equations are the basis of most RL algorithms, as they allow to gradually learn the optimal value
functions through an iterative process described in Section 3.1.1. In finite MDPs, the optimal value functions are proven
to exist and be unique. But, that is not the case for more complex environments. Therefore, RL algorithms usually learn
to estimate these functions through various techniques.

Finally, another major technique used in RL is a model of the environment. A model predicts the outcomes of the
agent’s action in terms of changes in the environment and resulting rewards. Concretely, a model learns to approximate
the environment dynamics p defined in Equation 3. Thus, the model is a function p that maps the current state and action
to the next state and reward. It can output a direct prediction, with p: S x A — S x R, or a probability distribution over
states and rewards (like in Equation 3). These two forms of models can be used in different ways for doing planning
over one or multiple time steps. As we will see in Section 3.3, planning usually involves looking ahead by predicting
future outcomes and then using these predictions to compute or improve value function predictions, which, in turn, can
be used to select actions that maximise the expected return.

3 Foundational RL Algorithms

After introducing the core elements used in RL, we present different approaches to learning from reinforcement. These
approaches rely on learning value functions, policies, models, or a combination of the three, to devise an efficient
strategy of actions. In this section, we present the foundational RL algorithms that serve as a basis for most deep RL
algorithms.
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3.1 Value Estimation

As presented in the last section, value functions are a fundamental component of RL as they aim to predict the most
important thing for the agent: the expected return of its actions. In RL algorithms, value functions are used for two
different purposes:

* First, to evaluate a given policy, which may be unknown, by estimating the expected return obtained following
this policy.

» Second, to explicitly learn a strategy to control the agent, in which case the agent’s policy will be derived from
the learnt value function.

In both cases, the algorithms presented learn estimates of the value functions defined in the last section (see Equations 7
and 8).

3.1.1 Value Iteration

A value function estimate can be learnt with the value iteration technique: an iterative process of gathering experience
with a given policy and improving the estimated value function. Value iteration turns the Bellman optimality equations
(see Equation 13) into an update rule. That is, given a current value estimate V', we compute a better estimation based
on the result of the Bellman equation:

V(s) & max > T(s'| 5,0) [R(s,a,5") + 7V ()], (15)
acA Jes

for each state s € S. The arrow indicates that we replace the current value V (s), typically stored in a table with one
value for each state, with the new one resulting from the calculation. In finite MDPs, executing this one time yields a
new value function that is necessarily closer to the optimal value function. Thus, starting with an arbitrary initial value
function (e.g., V(s) = 0 for all s € S), repeating the value iteration operation ensures that V' converges towards V*. In
Figure 4, value iteration is executed on the simple RL environment previously introduced. This example shows how
value iteration can learn the optimal value function quickly in a simple environment with a limited number of states.

Note that here we omitted the subscript 7 to V' as it is often done when learning value functions. But V' still measures
the value of a given policy, which in this case is dictated by the Bellman equation. By taking the maximum value of all
possible actions, the value estimates the return following the policy that always takes the action that goes to the state
with the best expected return. This policy is said to be greedy with regards to the learnt value function.

An interesting property of such algorithms is the fact that they use the current estimate to compute a new one. This is
referred to as bootstrapping. As we will see, this feature is at the core of many value estimation methods. Bootstrapping
can greatly improve the convergence speed of these algorithms: in Figure 4, using the current estimate V' allows
each iteration to have more impact (depending on the order in which states are processed). But, this can also induce
difficulties: in more complex settings, using imperfect estimates can sometimes produce even worse new estimates,
thus compromising the learning process.

3.1.2 Monte Carlo Methods

A crucial drawback of the value iteration algorithm is that it assumes complete knowledge of the environment dynamics.
Only because we know the probabilities of all transitions and their resulting reward, are we able to compute the expected
value in the update rule 15. In most RL settings, the environment dynamics are unknown. Therefore, it is impossible
to compute the exact value iteration update rule. What is often possible, however, is to run simulated experiments to
sample experienced trajectories. These sampled trajectories can then be used to compute approximations of what we
want to predict. For example, given a trajectory 7 generated using the sampling policy, we can compute the return from
any state s € 7 (according to Equation 6) and use the result as an estimation of the expected return from state s, i.e.,
V' (s). This is the core idea behind Monte Carlo methods: estimating the value function of a given policy by averaging
sampled returns. This can be performed iteratively, by keeping a running estimate of the value function and updating it
after each episode with:

V(se) « V(sy) + a[Ge — V(sy)], (16)
for all t < T', with G the experienced return from state s; and « €]0, 1] a constant parameter called the learning rate.
This update modifies the value of V' (s;) by "moving it" towards the experienced return. The learning rate « controls the
magnitude of this modification: o« = 1 would mean the new value of V'(s;) is G¢, o < 1 yields a new value between
the old V' (s;) and G;. Using a learning rate is crucial as one sampled return is a poor approximation of the actual
state-value function. Thus, repeating this update many times will allow to gradually move towards a better estimate of
V(St).
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Figure 4: Value iteration algorithm executed on the example of Figure 3. We start with an initial value function
V(s) = 0 forall s € S. Then, each iteration k applies the update rule of Equation 15, with v = 0.5, with the result
V' (S) shown in the corresponding cell. As state Sz is terminal, its value is considered to be 0. In three iterations, we
converge to the optimal value function. Note that, because we compute the new V' for each state successively, the order
of the states affects the result of each iteration and the number of iterations required for converging.

3.1.3 Temporal Difference Learning

Monte Carlo methods are limited as they require waiting for the end of each episode to compute the return of all states.
In some environments, the episode might last for several hours or even never end, making this approach impractical. A
solution for this is to use Temporal-Difference (TD) learning (Sutton, 1988). TD methods also learn an estimate of the
value function, but using only a limited number of transitions. The simplest TD method, called TD(0), updates the value
after only one time step:

Vi(st) < V(se) +alrier + YV (se41) — V(se)] - a7

The return in the Monte Carlo update rule (Equation 16) is replaced by its estimation using the current value function.
The expression inside the brackets is often referred to as the TD-error or Bellman error as it is derived from the
Bellman equation 13. It measures the difference between the current estimated value of s and the better estimate
re41+7YV (St41), called the TD-target. In TD(0), the TD-target is based on a single transition that has been observed by
the agent, but it can be extended to use the experience of multiple time steps (Sutton, 1988), with the n-step TD-target
being:

Gittn = Te41 T2 + oo + 7"V (St40). (18)

Using observed experience from multiple successive steps helps computing a better estimation of the actual return by
reducing the impact of the bootstrapped value estimate.

3.1.4 SARSA and Q-learning

The TD learning approach can be applied for learning action-value functions. In the SARSA algorithm (Rummery &
Niranjan, 1994), a tuple (s, as, 7441, St+1, ar+1) — giving its name to the algorithm — is used to compute the TD
update rule:

Q(s¢,a¢) < Q(st,a¢) + a[rep1 +YQ(St41,ar41) — Q(8¢,at)] - (19)

10
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This requires the experience of two successive steps. The Q-learning algorithm (Watkins, 1989) uses only one transition,
using the learnt action-value to select an action for the next step in the TD-target:

Q(st,a:)  Q(s¢,a¢) + [Tt+1 + Y max Q(st41,a) — Q(s¢,a¢)| - (20)

This update rule uses the current estimate () as an approximation of the optimal Q* to compute the Bellman error.
Thus, like in value iteration, Q-learning learns the action-value function of the greedy policy with respect to Q:
m(s) = argmax, Q(s, a).

For Q-learning to effectively learn a good approximation of (*, the agent must visit all states of the environment
enough times. Concretely, this means having a sampling policy that allows exploring all parts of the state space. One
such exploration policy can be to select actions randomly, allowing the agent to try actions regardless of their current
estimated value and hopefully explore the whole state space uniformly. But, in most settings, the vast majority of states
and transitions are not actually valuable for solving the task. So a fully random exploration will spend a lot of time in
irrelevant parts of the state space, slowing down the training. Instead, we might want to focus on the states and actions
that have more potential for solving the task. This is a common dilemma in RL algorithms, where we need to balance a
trade-off between exploration and exploitation:

* We want to explore different behaviours to better understand the environment and improve our estimations.

* But, at the same time, we want to exploit previously acquired knowledge to find the optimal strategy as fast as
possible.

In the case of Q-learning, this exploration-exploitation trade-off is tackle with the e-greedy policy. At each time step,
e-greedy decides between choosing an action randomly or following the greedy policy. It uses a parameter ¢ between
0 and 1 that determines the probability of choosing the action randomly. Typically, this parameter starts at 1 and
decreases throughout training towards 0. This allows a progressive shift between random exploration at the start
when the estimations are bad, and exploitation when estimations start getting better. While this is far from being a
perfect exploration strategy, it offers a simple solution for exploration in Q-learning. The following algorithm describes
Q-learning with e-greedy:

Algorithm 1 Q-learning with e-greedy policy

Initialize Q(s, a) arbitrarily
Initialize e = 1
Initialize « (learning rate),  (discount factor)
for each episode do
Initialize state sg
for t=0,...,T do
Execute e-greedy policy:
With probability €, choose a random action a;
Otherwise, choose a; = arg max, Q(s¢, a)
Perform action a;, observe reward ;1 and new state sy 1
Q(s1,a¢) <+ Q(8¢,a1) + ¢ [re41 + ymaxg Q(Si41,a) — Q(5¢, ar)]
St < St11
€ + max(e — 0.001,0)
end for
end for

The original Q-learning algorithm represents the learnt () function as a table that keeps track of the current value
estimates. In this Q-table, rows correspond to states of the environment and columns to actions, with each cell (s, a)
containing the current value Q(s, a). Such "tabular" RL algorithms have a clear drawback: they are limited in the
number of single values they can keep track of. To learn the optimal action-value function, Q-learning needs to
try all possible state-action couples several times. But, this is impossible in rich environments with very large, if
not continuous, state and action spaces. Thus, tabular value functions are limited to environments where they can
realistically explore all transitions enough times to build good value estimates. To tackle continuous states and actions
spaces, such algorithms must be adapted with specific techniques. One possibility is to discretise the spaces of states
and actions, retrieving discrete spaces that can fit into a table but losing the fine-grained detail present in continuous
spaces. The other option is to use function approximation techniques — e.g., linear function approximation or artificial
neural networks —, representing the learnt value function as a parameterised function of states instead of a table (see
Section 4). This allows for learning a function able to estimate the value of states that were never seen before, hopefully
generalising from similar encountered states.

11
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3.1.5 On-Policy vs. Off-Policy Learning

At this point, an important distinction between SARSA and Q-learning can be made. In SARSA, the update rule 19
depends on the policy used to generate the experience, which is referred to as the behaviour policy. This is because the
TD-target is computed using the value of the action a;; selected by the behaviour policy. For this reason, SARSA is
categorised as an on-policy algorithm. On the other hand, the update rule for Q-learning (20) does not depend on the
behaviour policy as it uses the learnt action-value to select the action in the TD-target. Thus, Q-learning is categorised
as off-policy.

Behind this distinction is an important difference between these two algorithms. Because SARSA follows the behaviour
policy for computing the update, it actually learns the action-value associated with this behaviour policy. On the other
hand, Q-learning computes the TD-target following the greedy policy with respect to the learnt action-value function.
Thus, it learns the value associated with this policy, not with the behaviour policy. This illustrates that off-policy
algorithms can learn values or policies based on data generated by other, totally separate processes. For example,
Q-learning could learn the optimal action-value function based on experiences gathered by a random policy, by a
another agent, or even by human experts. This particular feature allows using experience replay (L.-J. Lin, 1992),
where, during training, experiences are stored in a memory, called the replay buffer, and are then reused any number of
times in later updates. Updates are computed on samples of past experiences drawn randomly from the replay buffer. It
also improves the sample efficiency of these algorithms, as each experience can be re-used several times throughout
training.

3.2 Policy Gradients
3.2.1 Learning a Parameterised Policy Function

In Section 2.2, we said that an RL agent is primarily defined by its policy function 7, which maps states to actions. We
saw in the last section that value functions can be used to evaluate an unknown policy or to learn a policy by being
greedy with respect to an action-value function. Another possible approach is to explicitly learn the policy function.
This can be done by representing the policy function as a parameterised mathematical function of states which outputs
either a probability over possible actions, in the case of a stochastic policy, or the action to perform, for a deterministic
policy:

mw(al|s,0)=Pr{ia:=als =s,0, =0}, (21)

or
7(s;0) = a. (22)

In both cases, 0 € R?’ is the set of learnt parameters of the policy function. We also denote such policy 7y, as the
policy defined by parameters 6.

To maximise future rewards, the objective is to find the set of values for 6 that produces the best sequences of actions.
To do so, we can sample experiences from the environment and accordingly modify 6 to improve the policy. This can
be done using gradient ascent, which gradually modifies the parameters to maximise a given measure of performance
J(0):

9t+1 = 0t + aVJ(@t), (23)

where « €]0, 1] is a small learning rate and V.J(6;) is the gradient of the objective J(6;) with regards to the policy
parameters 6 at time step ¢. It is a vector that shows in which direction in the parameter space to move # to maximise
the objective. Thus, Equation 23 replaces the current parameters 6; with a new set of values 6, that yields better
values of .J.

3.2.2 The Policy Gradient Theorem
In RL, the objective to maximise is the sum of future rewards. Thus, we can define the objective using the true value

function of our policy: J(0) = Vi, (so), with s¢ being the initial state of the episode. Given this, for a discrete MDP
and a given stochastic policy my, we can devise the policy gradient theorem that yields:

V‘](e) = Zpﬂe (5) ZQﬂ'e (Sv a)VﬂP(a | 8)7 24

with @), the action-value function of policy 7y and p,,(s) the probability of experiencing state s when following
policy 7.

12
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If policy 7y is followed, then the theorem can be formulated with an expected value:

VJ(0) = Esnp.,, lz Qrp(s,a)Vmg(a]s) 25)
= Brrorg o [Q“Q (s4) M] ’ (26)

The expected value in Equation 25 is obtained by sampling s ~ p,. Likewise, in Equation 26, the sum is absorbed
in the expectation by sampling a ~ mg. Because Q, (s, a) = Er,[Gs.q|s, a], by definition, we can rewrite the policy

gradient as:
\Y%
mo(a | s)} o7
mo(a | s)
The algorithm REINFORCE (Williams, 1992) approximates this expectation by sampling many trajectories, updating
the parameters 6 with:

VJ(0) =Eg, [Gs,a

Vwe(at | St)

mo(as | s¢)
for any state s; and action a; from which the agent has experienced the return G. In this update, the gradient of the
policy indicates the direction, in parameter space, that most increases the probability of choosing action a;. By taking
the product of this gradient with the return G, this update increases the probability of actions depending on the returns
they generate. Positive returns will result in an increase in the corresponding action probabilities, with the increase
being proportional to the return, and conversely for negative returns. Then, dividing by the probability of the action
ensures that actions that are selected more frequently are not over-estimated by getting more updates of the same
magnitude.

9t+1 < Ht + O[Gt (28)

3.2.3 The Actor-Critic Architecture

As it uses the complete return G, REINFORCE is a Monte Carlo method for learning a parameterised policy function.
Like the Monte Carlo approach presented in the last section, REINFORCE requires waiting for the end of the episode
to update the policy. But, again, we can use the principle of TD learning (see Section 3.1.3) to solve this issue, by
replacing the return by its estimation with a value function:

Vme(as | s
Orp1 < 0 + o (reg1 + YV (se41)) W7 (29)
or,
Vmglas | s
Bror 6, + Qs ar) LT\ 1 5t) (30)
mo(as | s¢)

where V' and () would be learnt value functions that estimate the true value functions of the current policy 7. This kind
of approach is referred to as actor-critic methods (Barto et al., 1983; Sutton, 1984), where the policy is the actor who
learns to select actions, and the value function is the critic who evaluates the policy’s actions. In this case, the value
function is used only to guide the learning process of the policy.

Actor-critic architectures provide many algorithmic advantages. One example of this is the possibility of adapting the
Q-learning algorithm to work with continuous actions. Continuous action spaces are impossible to handle with classical
Q-learning, as finding a greedy policy with respect to a continuous action-value function — which is required for the
update — would be an optimisation problem in itself. But, this can be solved using an actor-critic architecture. By
extending the policy gradient theorem defined in Equation 25 to continuous actions and a deterministic policy, we can
find that

VI(0) = Esnp,, [Vomo(s)VaQy(s, a) | a = ma(s)], (31

given policy 7y and an action-value function ), parameterised by ¢ € R?*. This the deterministic policy gradient
theorem (DPG), as defined by Silver et al. (2014), which gives the following update for the parameters 6:

Or1 0 + agVomo(s:)Va Qo (5t, ar). (32)

The parameters of the action-value function ¢ are updated as well to minimise the Bellman error:
0 =1¢ + ’)’Q@(Stﬂ, at+1) - Qw(st, at) (33)
Q0t+1 < (pt + awétvaw(st, at). (34)

Intuitively, DPG extends Q-learning for continuous actions, where the e-greedy policy is replaced by a learnt policy
trained to select the actions that maximise Q..

13
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3.3 Planning with Models

The two previous sections presented algorithms that learn a policy, a value, or both. These methods are often called
model-free because they do not use a model of the environment dynamics. That is in contrast with model-based
methods that rely primarily on a model to learn an efficient strategy. Having a model that predicts future outcomes
allows to simulate experiences and use these to devise a strategy or improve other learnt elements.

3.3.1 Learning the Model

Learning the model is a supervised task where the agent learns to approximate the environment dynamics using its
own experienced transitions as training examples. The goal is to learn a good approximation p to use for planning.
As p learns two distinct elements, the transition probability 7 and the reward function R, the prediction task is often

separated in two as well, with ’f and R.

The simplest way to learn these functions is by learning a tabular model (Sutton, 1991). In a discrete MDP, a table can
store the number of occurrences of all transitions n(s, a, s”) and use it to output a probability for each possible next
state:

n(s,a,s’)
Yo egn(s,a,87)
Similarly, for the reward, we can store the rewards obtained in each transition (s, a, s’) and use them to approximate
the expected reward of each transition by computing a mean over sampled transitions:

T(s'| s,a) =

(35)

~

N
R(S,Q,S/) = %ZT}C(S,CL,SI), (36)
k=0

with N = n(s, a, s). This tabular solution can be effective in small discrete MDPs. However, it does not scale well to
environments with many possible transitions.

To tackle this issue, another approach is to define the model as a parametric function p(s, a, 1) with parameters

(NS R?”. Like for value and policy functions, this parameterised function can take many different forms: linear
regression (Sutton et al., 2008), random forest (Hester & Stone, 2012), neural networks (Narendra & Parthasarathy,
1990; Oh et al., 2015).

3.3.2 Using the Model

We introduced models as a tool to simulate experience. This can serve different purposes. One approach is to use the
model to learn better approximations of value and policy functions. Instead of gathering experiences in the environment,
a model can be queried to simulate transitions. These simulated transitions can then be used for computing the learning
objectives of any algorithm. For example, in Dyna (Sutton, 1991), a tabular model is used to perform many Q-learning
updates between each environment step. This improves sample efficiency by increasing the number of updates for each
call to the environment. Other learning algorithms require the environment dynamics to perform their update, like value
iteration (see Section 3.1.1) or guided policy search (Levine & Koltun, 2013). In such cases, learning a model enables
using these algorithms in complex environments with unknown dynamics (Abbeel et al., 2006; Levine & Abbeel, 2014).

A second approach uses the model for planning future sequences of states and actions, and ultimately choose the
path leading to the best return. This can be done in an exhaustive manner, by simulating all possible paths until the
completion of the episode. Then, the value of each observed state can be computed as a mean of all returns obtained
from this state (Tesauro & Galperin, 1996), similarly to Monte Carlo methods (see Section 3.1.2). Planning in this way
is particularly effective, especially in environments where a perfect model is given like Chess or Go. But, it requires
a great amount of computation to simulate all trajectories and evaluate each state and action. Doing an exhaustive
search of all possible outcomes is unrealistic in environments with a large state space. In the game of Go, the number of
possible states is beyond any computing limitation. To handle this, the Monte Carlo Tree Search algorithm (MCTS;
Coulom, 2006) greatly optimises the search by parallelising the computation of different paths of actions, excluding
states that are evaluated as bad, and learning both an action-value and a policy function. This efficient planning
strategy was crucial for building human-level algorithms in complicated games such as Go (Coulom, 2006; Finnsson &
Bjornsson, 2008; Silver et al., 2016; Schrittwieser et al., 2019).

Overall, model-based methods have many advantages. Intuitively, learning the environment dynamics seems logical, as
the model learns general knowledge about the environment that should be applicable to all parts of the environment,
which is not necessarily the case for value and policy functions. Model-based approaches are often more sample
efficient than model-free ones. By using the model’s prediction to train policies and values, they require less experience
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in the real environment to converge to a good strategy. However, models still have their limitations. Learning the model
is not straightforward in realistic settings where the environment is complex and dynamic. Also, relying on planning for
selecting actions is very computationally intensive, which makes it tough to implement in real-time applications. For a
recent review of literature on model-based RL, see Moerland et al. (2023).

4 Model-Free Deep Reinforcement Learning

As in other branches of machine learning, deep learning has been a revolutionary technique for RL. Using deep neural
networks for function approximation has enabled extending existing RL algorithms to operate in much more complex
settings and has facilitated the development of new approaches for learning models, policies, and value functions. In
this section, we will present the foundational works in model-free deep RL published in the last decade, which form the
basis for the majority of approaches using deep RL.

4.1 Value-Based Methods
4.1.1 Deep Q-Learning

In Section 3.1.4, we presented the Q-learning algorithm for learning a control policy using only an action-value function.
We introduced the main limitations of this algorithm being scalability and generalisation. These make Q-learning
difficult to use in settings where the number of possible states is large or infinite.

The Deep Q-Network (DQN) algorithm, proposed by Mnih et al. (2013), tackle these issues by using a deep neural
network in place of the Q-table. This allows for successfully learning an action-value function from visual data. To
do so, it models the action-value as a convolutional neural network (CNN; LeCun et al., 1989) that takes as input
frames from a video game and outputs the values of possible actions, as illustrated in Figure 5a. Note that, while this
first iteration of the DQN architecture uses a CNN, the term DQN is now used to describe any deep neural network
architecture that learns an action-value function.

The DQN is learnt completely end-to-end from the Q-learning objective. Concretely, the parameters of the network 6
are optimised to minimise the following squared Bellman error:

2
L(0) = (Tt+1 + 7y max Qo (St41,a) — Q0(3t7at)> , 37

for any transition (s, at, 7141, S¢+1) and with the discount factor . Notice the TD-target is computed using another
network Qg-, named the farget network. The parameters 6~ are initialised as a copy of the main parameters 6. Then,
the target is fixed for a pre-defined number of training iterations, after which it is copied from the main network again,
and so on. Using a slightly older, fixed version of (Qy helps to stabilise training by giving a fixed target to aim for when
minimising the Bellman error, instead of having it modified after each training iteration (Mnih et al., 2015).

Another important feature of the DQN is its use of experience replay (L.-J. Lin, 1992). Because deep Q-learning is
off-policy, it can capitalise on all previously acquired experiences to train its deep neural network. The deep Q-learning
algorithm thus alternates between acquiring experiences by interacting with the environment (typically using the
e-greedy policy), storing each experience in the replay buffer B, and later training the DQN on a batch of samples
randomly drawn from B. Therefore, the DQN is trained to minimise the Mean Squared Bellman Error (MSBE) on the
full batch:

2
L(0) = Byt | (14 7mix Q- (50~ Qulos) | 68)

This batched loss is crucial for ensuring efficient training of a deep neural network. Plus, experience replay allows
reusing each gathered experience multiple times and having more diverse batches, thus improving sample efficiency
and avoiding overfitting the current policy.

4.1.2 DQN Extensions

Following the introduction of the DQN, many works focused on improving this architecture using both old and new
techniques. In their paper, Hessel et al. (2018) summarise the most important extensions and combine them into their
method called Rainbow. Some of these improvements concern the core functioning of the Q-learning algorithm:

* Double Q-learning (van Hasselt, 2010) modifies Equation 38 to decouple the selection of the action to its
evaluation when computing the Bellman error:

2
L(0) = (Tt+1 + Qo (5¢41,arg max Qo(st41,a")) — Qolse, at)) : (39)
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Figure 5: DQN architectures. (a) The original DQN (Mnih et al., 2015), with a series of convolution layers that analyse
the input frame, followed by fully connected layers that output the value of each action. (b) Recurrent version of a
DQN (Hausknecht & Stone, 2015), that adds an LSTM unit after the convolutions to allow some information to carry to
future steps.

In the TD-target, the action is selected by the main network Qg and evaluated by the target network Qg-.
van Hasselt et al. (2016) apply this idea to the DQN to improve its performance.

» The Dueling DON (Wang et al., 2016) proposes to decompose the action-value of an action Q(s, a) into
two separate predictions: the value of the current state V'(s) and the advantage of the action defined as
A(s,a) = Q(s,a) — V(s). They use a neural network architecture with two outputs, the state-value and
advantage, which are then combined into the action-value. This allows to learn a state-value and an action-value
function in a single learning process with a deep Q-learning algorithm.

* Distributional value learning (Bellemare et al., 2017) proposes to learn a probability distribution over possible
future returns. Doing this allows to better account for multimodality in value distributions and generally
improves learning stability.

Other techniques focus on algorithmic and architectural improvements to DQN:

* Prioritised experience replay, proposed by Schaul et al. (2016), improves on experience replay by sampling
experiences more often if they lead to highly incorrect value predictions (i.e., with high Bellman errors) during
training. This allows prioritising samples that the network fails to evaluate well, thus greatly improving sample
efficiency.

* Noisy DON (Fortunato et al., 2018) tackles the problem of exploration by adding noise to the parameters of
the DQN. Note that Plappert et al. (2018) concurrently proposed a similar approach working with other deep
RL algorithms.

Rainbow shows that combining all these extensions greatly improves the performance and sample efficiency of DQN in
a large variety of video games (Hessel et al., 2018).

4.1.3 Deep Recurrent Q-Network

A remaining limitation of DQN is its lack of memory of previous events. This becomes a problem in partially observable
environments where the agent does not get the full state of the environment, but rather a local observation describing its
surroundings. In such settings, a memory-equipped agent could explore its surroundings to build a better understanding
of the current state of the environment. To achieve this, Hausknecht and Stone (2015) augment the DQN architecture
with an Long Short-Term Memory (LSTM; Hochreiter and Schmidhuber, 1997) recurrent neural network to learn
to memorise important information for future steps (see Figure 5b). This makes agents more robust to losses in
their observations. This approach has been combined with distributed training by Kapturowski et al. (2019), largely
surpassing previous works on some Atari games. Deep recurrent Q-Networks have also been widely adopted in partially
observable environments.
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4.2 Policy-Based Methods

4.2.1 Deep Deterministic Policy Gradients

Following the introduction of the DQN, similar ideas were implemented to extend actor-critics with deep learning. The
Deep Deterministic Policy Gradient (DDPG; Lillicrap et al., 2015) was proposed to extend the DQN to work with
continuous actions. Like in the original DPG (see Section 3.2.3), a deterministic policy function 7y is learnt to select
actions in a continuous space and an action-value function )4 is used to evaluate the selected actions. Here, both of
these are modelled using deep neural networks. As in Double Q-learning (see Section 4.1.2), both the policy and value
functions are doubled with target functions 7y and ()4-, respectively. The targets are used to compute the TD-target
for computing the MSBE loss:

L(@) = E{s,a,r7s’>~8 |:(T + VQQS* (5/7 To— (5/)) - Q¢(S7 a))2:| . (40)

The target parameters ©~ = {0~, ¢~} are initialised as copies of the main parameters © and later slowly moved
towards the main networks with a "soft" update: O~ <~ 70~ + (1 — 7)0, with 0 < 7 < 1.

Fujimoto et al. (2018) pointed out that DDPG, as all Q-learning methods, suffers from an overestimation of action-values
induced by using a bad value estimate for computing the optimisation objective. While Double Q-learning helps address
this issue, it does not completely solve it. They propose an extension of DDPG, named Twin Delayed DDPG (TD3),
that better mitigates the overestimation problem with three tricks:

e First (Twin), TD3 learns two action-value functions instead of one and uses the smaller values of the two when
computing the TD-target.

 Second (Delayed), the policy function is trained less often than the action-value functions (one policy update
for every two value updates) to make the policy less prone to value errors.

* Third, the value estimates are smoothed by adding a small clipped noise on the target policy actions when
computing the TD-target. This prevents having high spikes of value on some particular actions that the
deterministic policy would then overfit to.

Therefore, TD3 computes the TD-target by taking the minimum value given by the twin DQNs and adding the clipped
noise to the policy’s action:

y(r,s') =r+vymin Q- (s, mo- (s') +¢), (41)
€ ~ clip(N(0,0), —¢, c), (42)

for transition (s, a, r, s"), with hyperparameters o and ¢ controlling the width of the smoothing noise. The twin DQNs
are both trained to minimise their MSBE:

L(¢z) = E(s,a,r,s’}~l§’ (y(r, 8/) - Q¢i(87 a))2 , with @ € {17 2} 43)

These modifications are shown to improve the stability and performance of DDPG.

4.2.2 Trust Region Policy Updates

In Section 3.2.2, we presented the policy gradient method used in most policy-based algorithms, which aims at
maximising the following objective for learning a stochastic policy:

LPG(O) =E, [logm(a|s)Qxr,(s,a)] > (44)

This objective has two important limitations. First, the size of the learning step is difficult to define. In the context of
learning a policy that generates the data it is trained on, a too big learning step could be catastrophic if it produces a bad
policy. In supervised learning, a bad learning step can be recovered later because the training data is still good. Here, a
bad policy would change the distribution of samples and could then be very hard to recover from. Second, this objective
theoretically limits the algorithm to use each gathered experience only one time — Schulman et al. (2017) shows doing
multiple updates damages performance —, which makes policy gradient algorithms less sample efficient.

Schulman et al. (2015) propose to modify the policy gradient objective to tackle these issues. The objective is replaced
by the following surrogate objective:

mo(als)
L") =E ———A,,(s,a 45
( ) " 779014(@|S) M( ’ ) ’ )
3If we compute the gradient of this objective, we find the formulation of Equation 26 as, by chain rule, V., log f(z) = v}”(’;()z)
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where 7y, , is another policy and A, is the advantage function defined as A, (s,a) = Qx(s,a) — Vi (s) (Baird, 1995).
Using the advantage is equivalent to the action-value but reduces the variance of the value estimate. This objective
is shown to be a good approximation of the policy gradient one, only if 7y, , is close to mg. Thus, for this to work, a
constraint must be added to ensure that 7y does not diverge too much from the old version:

By [KL(79,4(-[3), mo(-]5))] < 0, (46)

with KL measuring the Kullback-Leibler divergence between the two distributions and J a hyperparameter for
controlling the amount of allowed divergence. Maximising L*“"" while respecting the constraint of 46 ensures that the
update stays in a "trust region". The resulting Trust Region Policy Optimisation (TRPO) algorithm can do multiple
updates on one sampled experience, with 7y, being the policy used when gathering the experience, to improve 7y as
much as possible for each interaction with the environment.

While the approach TRPO has great advantages, its implementation is difficult, mainly because of the constraint on KL
divergence requiring second-order optimisation. To simplify this, Proximal Policy Optimisation (PPO; Schulman
et al., 2017) removes the constraint and instead clips the objective to limit the magnitude of the updates. The new,
clipped objective is defined as follows:

LY (0) = By, [min(r(0) A, (s, a),clip(r(f),1 — €,1 + €) Ay, (s,a)] (47)

with () the probability ratio from TRPO, r(6) = —m0(als)  and € a hyperparameter typically close to 0. This objective

o4 (als)
first clips the ratio to be close to 1 to ensure that the hew policy does not diverge too much from the old one. Then, it
takes the minimum of the clipped and unclipped objectives to make a lower bound of the unclipped objective. This
objective is simpler to compute and optimise, making PPO simpler to implement. The full objective maximised by PPO
is the following:

LPPO(0,¢) = Ex, [LP(0) — c1 LY F(¢) + c2H ()] (48)

where ¢; and ¢, are coefficients for the two secondary losses. LY ¥ is the MSBE loss for learning the value function
used to compute the advantage in (47), using a technique called Generalised Advantage Estimation (Schulman et al.,
2016). The third term uses the entropy of the policy, defined as H(w) = E,[—logm(a|s)], to induce exploration.
Maximising entropy means increasing the randomness of the policy. This bonus ensures random exploration of new
policies.

PPO is considered one of, if not the best existing deep RL algorithm. It has been deeply studied and improved in various
ways since its first release. Many implementation tricks have been identified to be crucial to the performance of the
algorithm (Henderson et al., 2018; Engstrom et al., 2020).

4.2.3 Soft Actor-Critic

Finally, we present the Soft Actor-Critic (SAC) algorithm (Haarnoja et al., 2018) that tackles the poor sample efficiency
of on-policy algorithms and the brittleness of off-policy algorithms with regard to their hyperparameters. To do so, it
builds an off-policy actor-critic algorithm with a stochastic policy and a "soft" action-value function. The policy is
trained on samples drawn from the replay memory 5 to maximise the expected future rewards and an entropy bonus for
exploration, as in PPO:

L7(0) = Esvpanmy [Qs(s,a) + aH (m)], (49)

with alpha controlling the importance of the entropy bonus. As in DDPG, the action is sampled from the policy and
evaluated by the value function. Maximising this objective operates a trade-off between generating actions with high
action-values and inducing diverse behaviours.

To learn the action-value function, the authors take inspiration from soft Q-learning (Haarnoja et al., 2017), where
entropy maximisation is included in the value learning algorithm. The soft action-value is trained to minimise the soft
MSBE for any transition drawn from the buffer:

1 S0 2
LQ(Qb) = E(s,a,r,s’)NB 5 (Qd)(stv at) -y ft(r’ sl)) ) (50)
where
Y ol (r,8") = 1 + VEor o, [Qu(5', d') — alog mg(a'|s))]. (51)
The target y*°/* also has a bonus on the entropy of the policy, which makes the action-value function favour actions

where the policy is uncertain. This is shown to greatly improve the stability and robustness of their algorithm.
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S Going Further

In this article, we have presented an introduction to the field and techniques of deep reinforcement learning. While not
an exhaustive course or review of existing works, it should provide the required material to understand the motivations,
concepts, and algorithms used in RL research and applications. As the RL approach gets more and more accepted as a
central component of advanced, interactive Al systems, the domain of RL research spreads and develops new directions
for improving the capabilities of agents. Here, we briefly introduce a few of these fields that present interesting potential
for future research.

Model-based deep RL has immensely benefitted from deep learning to learn models of complex environments,
which may be crucial for building agents capable of reasoning in real-world settings. So called "world models" learn
latent representations of the environment with supervised autoencoders which can then be used to "imagine" future
outcomes — i.e., plan in the latent space — (Ha & Schmidhuber, 2018; Hafner et al., 2018, 2020), helping for driving
exploration (Sekar et al., 2020; Mendonca et al., 2021; E. S. Hu et al., 2023) and solving tasks requiring long sequences
of actions (Hafner et al., 2022). Like previous model-based approaches, world models are much more sample-efficient
than model-free baselines (Samsami et al., 2024; Hafner et al., 2025). The added deep latent representation learning
allows tackling high-dimensional and diverse environments (Hansen et al., 2024; Hafner et al., 2025). The combination
of these two advantages makes these approaches great candidates for tackling robotic tasks.

Hierarchical RL decomposes the policy learning into multiple levels of actions (Pateria et al., 2021). Low-level
actions are the ones performed by the agent at each time-step of the environment, while more high-level actions refer
to macro-actions typically requiring multiple steps to perform (Sutton et al., 1999; Amato et al., 2019). This allows
disentangling the multiple levels of reasoning in the action-selection process, with a high-level policy focused on
selecting sub-goals required to complete the task and a low-level policy — or multiple ones — for completing the
sub-goals (Tessler et al., 2017; Hafner et al., 2022; J. Hu et al., 2024).

Intrinsic motivation takes inspiration from real biological systems that are not only motivated by solving a given task,
but also, and perhaps primarily, intrinsically pushed to try new things and explore their environment (Berlyne, 1966). In
RL, an intrinsically motivated agent computes an additional reward based on its observations and internal state (Oudeyer
& Kaplan, 2007). Maximising this reward signal, in addition to the reward given by the environment, allows inducing
some desired behaviour in the agent’s policy. A typical example is curiosity which can be induced by rewarding the
agent for finding "novel" states (Schmidhuber, 1991), with novelty being any measure of how new a state is compared
to previously experienced states (Pathak et al., 2017; Burda et al., 2019). Such active exploration approaches are
crucial to solve hard exploration problems (Badia et al., 2020) and may be central to developing open-ended learning
algorithms (Colas et al., 2022; Jiang et al., 2023).

Multi-agent RL is a large field focused on applying RL in environments with multiple agents interacting and learn-
ing (Wooldridge, 2009). Having multiple agents makes all problems of RL even more challenging and introduces new
ones such as modelling the reasoning of other agents (Albrecht & Stone, 2018) or communicating to share knowledge
and needs (C. Zhu et al., 2024). Studying these problems is crucial for allowing RL agents to handle social interactions
which are such an important component of human intelligence. While one solution would be to stick to single-agent
RL, considering other agents as parts of the environment, multi-agent RL research has proposed many ways of adapting
classical RL techniques to factor in the specificities of multi-agent systems (Albrecht et al., 2024).

Multi-objective RL tackles the important issue of optimising multiple separate objectives at the same time, which
is often required in practical applications (Roijers et al., 2013; Hayes et al., 2022). Classical RL approaches would
combined these multiple reward signals with a linear transformation to form a single signal to maximise. But
this inevitably loses some information about the different objectives which can be detrimental, especially when these
objectives are conflicting. Research on multi-objective RL develop specific approaches to learn policies that compromise
between objectives (Abels et al., 2019; Radulescu et al., 2019; Yang et al., 2019; Xu et al., 2020).

Episodic RL takes inspiration from humans being able to recall specific past events to better handle a related
situation (Tulving, 2002). In the classical RL approach, knowledge of the past is embedded in the learnt elements, but
there is no explicit memory process allowing the agent to recall experience acquired in previous episodes to inform its
present strategy. Episodic RL fixes this to improve the sample efficiency of deep RL algorithms (Z. Lin et al., 2018;
G. Zhu et al., 2020; Freire et al., 2024).

Anyone planning on implementing RL algorithms should summon their patience and determination. RL is famously
hard to implement successfully thanks to the numerous sources of variance and uncertainty that make debugging tedious.
However, there are many resources online to understand the algorithms, implement them, and debug*. One particularly
valuable is Andy Jones’s guide to debugging RL, which everyone should read and implement in their practices.

4Summarized here: github.com/andyljones/reinforcement-learning-discord-wiki/wiki.
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