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Abstract
In recent years, Reinforcement Learning systems have led to remarkable accomplishments. Applications of Reinforcement Learning are vast and range from
optimizing the energy consumption of data-centers and more efficient chip design
to intelligent autonomous robots. However, Reinforcement Learning algorithms
still have their limitations, most notably their lack of data efficiency. Different
solutions were proposed that aim to mitigate this problem and in principle, there are
two main approaches: Self-supervised learning and Model-based methods. This
paper discusses the applications and theoretical foundations of Self-supervised
learning and Model-based methods in the Reinforcement Learning context and
investigates their individual strengths and weaknesses as well as their commonalities and intersections. The combination of both methods might lead to even better
results and therefore, this paper will conclude by proposing potential ways to unify
them.

1

Introduction

Current Reinforcement Learning (RL) systems are capable of achieving remarkable things. They
were used to beat the world champions at humankind‘s most difficult board games, chess, shogi and
most importantly at the game of Go [1, 2, 3]. Furthermore, reinforcement learning based systems
defeated the world‘s champions at StarCraft and Dota, strategic real-time combat arena video games
[4, 5]. But the applications of RL do not stop at games. Further potential applications are vast and
range from optimizing the energy consumption of data centers and more efficient chip design to
intelligent autonomous robots [6, 7, 8, 9].
Those are extraordinary achievements, but unfortunately, current reinforcement learning methods
are incredibly sample-inefficient: AlphaStar, the StarCraft playing AI developed by DeepMind and
the Dota agent by OpenAI had to acquire 200 and 10,000 years worth of real-time play experience,
respectively [4, 10, 5].
However, the promise of reinforcement learning methods is profound. The broad RL framework
offers a potential path to true generality of artificial agents. Nevertheless, their current limitations
make them substantially difficult to apply to most real-world scenarios [11]. These problems are
prevalent in all of deep learning to some degree, but in deep reinforcement learning the lack of
efficiency is especially striking.
As a result, it remains to be figured out how to learn from fewer samples and interactions more
efficiently [12]. Different solutions were proposed that aim to mitigate the problems. In principle,
there are two main approaches: Self-supervised learning [13, 14, 15] and Model-based methods
[16, 17, 18, 19].
Model-based methods aim to learn a predictive model of the environment and use it for planning. In
contrast, the self-supervised approach aims to learn some useful representation of the environment
which is then used to guide model-free methods. In this context “useful” means that the representation
removes redundancy and as a result enables better generalization and more sample-efficient learning.
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Lately, self-supervised learning has sparked enormous progress in the field of NLP [20, 21] and more
recently also in computer vision [22, 23, 24, 25]. The next frontier is reinforcement learning.
This paper discusses the applications and theoretical foundations of self-supervised learning and
model-based methods in the reinforcement learning context and investigates their individual strengths
and weaknesses as well as their commonalities and intersections. The combination of both methods
might lead to even better results and therefore, this paper will conclude by discussing potential ways
to unify the two approaches.

2

Background

Reinforcement Learning. The reinforcement learning setting is the following: An agent (the
decision-maker or learner) interacts with an environment (the world the agent lives in). At every time
step t it finds itself in state st within the environment, performs action at , and receives reward rt .
Reinforcement learning is formalized by a Markov Decision Process (S, A, p, R, γ). S represents
the state space, the set of all possible states st ∈ S. In practice, it often is the case that the state of
the environment is not completely observable, i.e. only partially observable. The environment then
emits observations ot ∈ O instead of states st . Similarly, the set of all possible actions, A, is referred
to as the action space with at ∈ A. The transition probability function p from the current state to
the next state represents the dynamics of the environment p(s0 , r | s, a) = P {st+1 = s0 , rt+1 = r |
st = s, at = a}. The discount factor γ ∈ [0, 1] ensures that immediate rewards are perceived better
than rewards received in the future.P
The overall goal in reinforcement learning is to maximize the
∞
cumulative expected reward, Gt = k=0 γ t rt , where Gt is called the return [26].
Bellman equations. While the reward indicates what is beneficial in an immediate sense, value
functions determine what is good in the long run. The state-value function determines the value of a
state (i.e. determines how good it is to be in a state) and is defined as Vπ (s) = Eπ [rt+1 + γVπ (st+1 ) |
st = s], where π represents the policy that maps states to actions and hence is responsible for
action selection. The action-value function determines how good it is to perform a specific action
in a specific state and is given by Qπ (s, a) = Eπ [rt+1 + γVπ (st+1 ) | st = s, at = a]. Those
two equations are referred to as the Bellman equation for state-values and Bellman equation for
action-values, respectively, and are fundamental throughout reinforcement learning [26].
Value based methods. Value based methods refer to methods that aim to learn the state-value
function, Vπ , and/or action-value function , Qπ , based on which the actions are selected. Examples
are Dynamic Programming, Temporal Difference Learning, Q-Learning and most famously DQN
(the deep variant of Q-learning, which will appear later)[27, 28, 29, 30].
Policy gradient methods. On the other hand, policy gradient methods aim to directly learn the
parametrized policy, πθ (a | s) for action selection, instead of the value function. Policy gradient
methods perform gradientPdescent on a performance measure J(θ), where the policy gradient is
defined as ∇θ J(θ) ∝ Eπ [ a Qπ (st , a)∇πθ (a | st )] = Eπ [Gt ∇ log πθ (at | st )] [26]. For example,
A3C and Soft Actor-Critic (SAC) (which will appear later) are policy gradient methods, to be more
specific actor-critic methods, which additionally learn a value function acting as the critic [31, 32].
Model-based methods. Like value functions or the policy, the dynamics of the environment can be
learned as well. The learned representation of the dynamics is referred to as the model. Whether
an agent does or does not learn and use a model of the environment is one of the most important
distinctions between different kinds of reinforcement learning algorithms. Methods that learn and
use a model are called model-based methods whereas methods that do not learn and use a model are
called model-free (e.g. value based or policy gradient methods) [26]. The most famous examples of
model-based methods are Dyna and Monte Carlo Tree Search, the algorithm used in AlphaGo (+ its
variants) [33, 34, 1]. Model-based methods will be discussed in detail in Section 4.
Deep Reinforcement Learning. In classic reinforcement learning the value functions, the policy and
the model are represented by tables, hence this setting is referred to as the tabular case. However, once
the state and/or action space get large it becomes infeasible to represent them by tables and therefore,
they have to be approximated. Analogously, this is referred to as the approximate case. Now, the
term deep reinforcement learning refers to using deep neural networks for the approximation. E.g.
when approximating the value functions V (s; θ) ≈ Vπ (s) and Q(s, a; θ) ≈ Qπ (s, a), where θ refers
to the parameters in the network [26].
2
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Self-supervised learning

In general, the Supervised learning paradigm refers to learning by example, i.e. based on labelled
data. The term “supervised” originates from the fact that the labels were assigned by a supervisor,
a human being. In contrast, in the Unsupervised learning paradigm there is no supervisor involved.
Typically, the goal of Unsupervised learning is to find hidden structure in unlabelled data points
[35]. Self-supervised learning unifies both paradigms. Unlike in Supervised learning, but like in
Unsupervised learning, in Self-supervised learning no labels are given and unlike in Unsupervised
learning, but like in Supervised learning, in Self-supervised learning the goal is not to find hidden
structure in the data points but to predict them correctly. In Self-supervised learning the labels are
constructed automatically based on implicit information in the data which can be very desirable as it
allows to leverage vast amounts of unlabelled data. There are different approaches to achieve this: In
Natural Language Processing one typically aims to predict the next word based on previous words
(or the masked words based on context words) [36, 20]. In computer vision, common tasks include
predicting the angle of rotation of an image, reconstructing cut out regions or image re-colourization
[37, 38, 39]. Hence, Self-supervised learning is like Unsupervised learning as no labels are given and
it is like Supervised learning as it tries to predict those labels. As a result, useful representations are
learned.
In reinforcement learning, self-supervision is a very natural choice as it can be used to acquire
knowledge about the world the agent lives in, a useful representation of it, and as a result facilitate
the interaction with it. Usually, the learned representation guides the learning process of model-free
methods. However, again there are various approaches to how those representations can be learned
and applied. Most commonly they are framed as auxiliary tasks. In the following the main methods
that incrementally raised the bar of the state-of-the-art in data efficiency will be discussed.
3.1

Auxiliary losses

Auxiliary losses were introduced in [13] and the general idea is to maximize pseudo-reward functions
in addition to the regular RL-objective. The pseudo-reward functions or auxiliary tasks are learned
jointly during the training process or beforehand during pre-training. Learning to solve auxiliary tasks
aims to empower the agent to control its future experiences in the environment and as a consequence
allows for more efficient interactions. In this section different auxiliary tasks will be discussed.
Auxiliary control and reward tasks. The UNREAL (Unsupervised Reinforcement Learning with
Auxiliary Learning) architecture incorporates two kinds of auxiliary tasks into the reinforcement
learning framework: control tasks and reward tasks [13]. Both are learned in an off-policy fashion
with data points sampled from an experience replay buffer [40].
Formally, the set of auxiliary control tasks is represented by C, with the individual tasks c ∈ C. The
policy for auxiliary task c is denoted π (c) . Then the total objective is defined as:
X
(c)
arg max Eπ [Gt ] + λc
Eπc [Gt ]
(1)
θ

c∈C

The first part of Equation 1 reflects the general RL objective and the second part the objective for
the control tasks, which is to maximize the total reward obtained on the auxiliary control tasks.
P∞
(c)
(c)
(c)
The auxiliary return is given by Gt = k=0 γ t rt , with auxiliary rewards rt . Again, θ are the
(c)
parameters in the networks which represent π and all π . The relative importance of the control task
objective is controlled by λc . Based on the objective the loss function can be formalized. Specifically,
for each task the n-step version of the DQN loss is used, like in [31]:
(c)

(c)

LQ = E[(Gt:t+n + γ n max
Q(c) (s0 , a0 , θ− ) − Q(c) (s, a, θ))2 ]
0
a

(2)

The two auxiliary control tasks proposed are pixel control and feature control, but pixel control
proved to be more effective. To perform pixel control, the input image is first separated into a grid of
non-overlapping 4 × 4 cells. Then the auxiliary policy is trained to maximize the change in pixel
intensity of the different regions which can be accomplished by selecting the appropriate actions.
This task requires the agent to learn what actions are associated with particular changes in the visual
scene.
Auxiliary reward tasks on the other hand aim to learn an understanding of the dynamics of the environment, specifically its reward structure. This has similarities with model-based methods but subtle dif3

ferences, as we will see later. Based on a sequence of previous frames Sτ = (sτ −k , sτ −k+1 , ..., sτ −1 )
the agent has to predict whether the next reward rτ will be zero, positive or negative (rτ ∈ {+, −, 0}).
Thus, the name of the task: reward prediction. Then the reward prediction LRP is a multi-class
cross-entropy loss across the three classes.
Incorporating auxiliary control and reward tasks results in the overall UNREAL loss function:
X (c)
LU N REAL (θ) = LA3C + λV R LV R + λP C
LQ + λRP LRP
(3)
c

In Equation 3, LA3C and LV R (value replay) refer to the losses of the A3C agent, a standard actorcritic architecture in reinforcement learning and we refer to the paper for its details [31]. The point is
that the auxiliary tasks simply augment the A3C architecture and are learned jointly during training.
Most importantly, those augmentations resulted in 10-18 times more data efficient learning.
Dynamics verification and Input reconstruction. Another paper that incorporated auxiliary tasks
into the RL framework is called “Loss is its own reward” [14]. The authors took a similar approach
to the one taken above by augmenting the A3C architecture. They proposed multiple further tasks
and like in [13], the authors incorporate reward prediction.
Another task they propose is called dynamics verification, where the agent has to predict whether statesuccessor frames (s, s0 ) or state-action-successor state pairs (s, a, s0 ) are drawn from the environment.
A different option is reconstructing the input observation (the frame) using (variational) autoencoders
or Generative Adversarial Networks [41, 42, 43]. However, reconstruction tasks have shown to be
less effective.
The authors find that policies augmented with self-supervision converge to the same or better return
and require fewer updates. Moreover, they evaluated different training approaches most importantly,
policy pre-training and joint policy and auxiliary training. The results have shown an important
finding: self-supervised pre-training purely on the auxiliary tasks followed by fine-tuning while the
reinforcement learning training process already improves data efficiency significantly when compared
to not using the auxiliary objectives. Nevertheless, optimizing the regular RL objective and the
auxiliary objectives jointly (as was done in the previous section) gives better results.
Depth prediction and Loop closure classification. Another milestone paper is called “Learning to
navigate in complex environments” [44]. Again, the authors of this paper proposed new auxiliary
tasks, more specifically, auxiliary depth prediction and a loop closure classification task. The resulting
architecture learned to solve large and visually rich 3D mazes solely from raw sensory inputs.
At every time step the agent obtains the current state of the environment in the form of an RGB frame
and from this image depth information can be extracted. The depth prediction aims to predict this
depth channel based on the colour channel of the input image. This has the effect that the agent
acquires valuable information about the 3D structure of the environment. The task can be framed in
two ways, either as a regression task based on the mean squared error or as a classification task by
discretising depth at each position into different bands. Experiments showed that the classification
formulation leads to faster convergence.
Loop closure classification is more specific for the navigation tasks. In this task the agent has to
predict whether the current position has previously been visited given a local trajectory. For a visual
representation of loop closure we refer to Figure 4 in the paper.
In contrast to [13], the proposed architecture learns the auxiliary tasks in an online fashion and does
not require experience replay.
3.2

Contrastive Learning

Another exciting stream of research is called contrastive predictive coding (CPC) or contrastive
learning [22]. The key idea of contrastive predictive coding is to learn useful representations from
high dimensional input data by predicting future latent space. It achieves this by learning similar and
dissimilar representations from similar and dissimilar data points. Contrastive learning is not specific
to reinforcement learning but rather a universally applicable framework and has seen widespread
adoptions in speech recognition [45, 46] and computer vision [47, 25, 24]. The idea of predictive
coding is to predict future missing or contextual information [48]. Predictive coding principles
are extensively studied in the neurosciences, as they appear to be supported by the human brain,
especially at the level of the visual cortex [49, 50].
The original formulation of contrastive predictive coding was given in [22]. The architecture consists
of a non-linear encoder to transform input observations into their latent counterparts and an autoregressive model that constructs a context vector based on the latent states prior to a specific point in
4

time. Furthermore, the authors proposed the loss function InfoNCE used for contrasting positive
and negative samples. Since the original formulation several enhancement have been suggested to
augment the architecture, including CPCv2, momentum contrast (MoCO), SimCLR and MoCov2
[47, 23, 24, 25].
3.2.1

CURL: Contrastive Unsupervised Representation Learning for Reinforcement
Learning

Recently, in [15] the contrastive framework was adjusted and applied specifically to reinforcement
learning. The resulting architecture, CURL, achieved new state-of-the-art results in data efficiency
on the Deep Mind Control Suite benchmark (DMControl) [51] and Atari games benchmark [52]
(100k interaction steps as proposed by [53]), the most common benchmarks for data efficiency in
reinforcement learning.
Similar to [23], the contrastive learning component is framed as a dictionary look-up task but is
conceptually the same as in [22]. Therefore, CURL aims to construct queries and keys from input
observations (i.e. image frames). The query (or anchor) is represented by q and is considered the
ground truth. The keys (or targets) are represented by K = {k0 , k1 , ..., kn } of which one is a positive
sample, denoted k+ . The others are negative samples and denoted K \ {k+ }. Anchor and positive
samples are obtained from the same input observation o, but are different crops thereof, i.e. oq and
ok+ . In contrast, negative keys are cropped regions from different images, ok− . For each query and
key, an 84 × 84 region is cropped from a 100 × 100 image.
However, the observations are not fed directly, but are encoded into a latent representation first:
q = fθq (oq ) and k = fθk (ok ). With the parameters of the query encoder network θq and the
parameters in the key encoder network θk .
Moreover, it is common to share the encoder parameters. Thus, θk is an exponential moving average
of the query encoder parameters: θk = mθk + (1 − m)θq . As a result, during training no gradients
need to be calculated for updating the key encoder. This approach is known as momentum contrast
(MoCo)[23].
To compute similarities between anchor and targets CURL opts for the bilinear product sim(q, k) =
q T W k, with W a learned weight matrix. The loss function is the same as in the original formulation
of CPC, the InfoNCE loss:
Lq = log

exp(q T W k+ )
Pn
exp(q T W k+ ) + i=0 exp(q T W ki )

(4)

Hence, the model has to learn to distinguish between positive and negative samples given the context
and by doing that it develops a rich internal understanding of the environment. As a consequence,
the encoded query q is a more compact representation of the current state that removes redundancy
and therefore enables much more efficient learning. Consequently, the RL-algorithm is only fed the
representation of the state q. For a visual representation of the architecture we refer to Figure 1 in
[15].
At its core CURL is a general framework that extends reinforcement learning with contrastive learning.
Essentially, it is applicable to any kind of RL algorithm. The authors augmented the Soft Actor-Critic
(SAC) architecture and Rainbow DQN and achieved new state-of-the-art results on DMControl and
Atari100k, respectively [32, 54]. Overall, CURL achieves a 2.8× mean higher performance scores
on the DMControl suite benchmark and a 1.6× performance gain on Atari when compared to prior
methods.
3.3

Exploration

Reinforcement learning agents have to behave non-optimally in order to learn the optimal behaviour.
To learn the optimal behaviour, they need to explore the state and/or action-space of the environment.
This dilemma is known as “exploration vs. exploitation”: Exploring the environment to discover
more beneficial areas of state and/or action space versus exploiting what is already known about the
environment [26]. Finding the optimal exploration strategy in reinforcement learning is an active area
of research itself and still an open research question.
There are various approaches to exploration but currently the most common strategy is to act in an
-greedy fashion: Acting greedily most of the time, but occasionally performing a random action
(with probability ) [26]. Self-supervised learning is an attractive alternative to enable more focused
exploration of the environment, which results in less required environment interaction and hence
5

more sample-efficient learning. Recently, various different ideas to self-supervised exploration have
been proposed [55, 56, 57, 58, 59, 60].
One interesting and promising approach to self-supervised exploration is curiosity. While standard
reinforcement learning systems learn purely from extrinsic reward signals (obtained from the environment), curiosity is a framework for intrinsic reward signals (come from the agent itself). This
approach was proposed in [55]. The reward at time step t is then rt = rti + rte with rti and rte the
intrinsic and extrinsic reward, respectively.
Specifically, the authors formulate curiosity as the error in agent’s ability to predict the consequences
of its action. To achieve this the authors propose an Intrinsic Curiosity Module (ICM), which consists
of an inverse dynamics model g and a forward dynamics model f (similar to models in Section
4, but without planning). The inverse dynamics model predicts the action that was taken for a
given state-next_state pair (st , st+1 ): â = g(st , st+1 ; θI ). It also encodes the states st and st+1
into their latent representations φ(st ) and φ(st+1 ). The latent vectors are then used in the forward
dynamics model f which predicts the next latent state given the current latent state and action:
φ̂(st+1 ) = f (φ(st ), at ; θF ). The parameters in the networks of the inverse and forward dynamics
model are represented by θI and θF , respectively.
The intrinsic reward is then the error between the predicted latent state and the actual latent state:
rti = η2 || φ̂(st+1 ) − φ(st+1 ) ||2 with a scaling factor η. Intuitively, the intrinsic reward indicates
how surprising a transition is to the agent. Hence, it is rewarded for seeking novel experience.
Overall, incorporating curiosity into the architecture led to fewer required interactions with the
environment and enabled agents to solve tasks that they could not solve with random exploration.
Other ideas on curiosity-driven exploration were introduced in [56, 59] and led to further improvements.

4

Model-based methods

As was discussed in Section 2 the dynamics of the environment can be learned. This is the idea
of model-based methods. Once the model is learned, it can be used to simulate transitions. Based
on the simulated experience the value functions and/or policy can be optimized; this is known as
planning [26]. So how do we learn the transition dynamics? One approach is to learn a parametrized
function pθ (s, a), with
Pθ the parameters in the network, and minimize the mean squared error over
some samples: L = i || pθ (si , ai ) − s0i ||2 . The transition model is denoted as pθ (st+1 | st , at ).
Similarly, a reward model can be formalized: pθ (rt | st ). As the input data can be very highdimensional, learning those models in observation space can be challenging. Therefore, modern
model-based methods usually learn an additional representation model that maps from the potentially
high-dimensional observation o (e.g. image frame) to a latent representation of the state: pθ (st+1 |
st , at , ot+1 ). In this case, the transition and reward model operate in compact latent space without
observing or constructing the actual image. Note that the parameters θ can be shared or learned
separately.
To learn those models the samples come from a replay buffer D that stores the relevant tuples. In case
all three models are learned, it contains state-action-reward-next state tuples: D = {(s, a, r, s0 )i }.
For humans understanding the world we live in seems to be very intuitive. Very early on, we have
or acquire a foundational understanding, models, of the natural phenomenons like numbers, space,
physics and other humans that govern our environment. Those models enable us to imagine future
events, guide our behaviour and allow us to learn tasks efficiently [12]. Therefore, model-based
learning is considered one of the core ingredients towards more intelligent artificial systems [12, 61].
In the following we will discuss some of the most important ideas and selected state-of-the-art
methods in the model-based domain that significantly improved data efficiency of reinforcement
learning.
4.1

World Models

One milestone paper is called “World Models” [17, 62]. The proposed architecture consists of 3
components: Vision (V), Memory (M) and Controller (C). An input observation (image frame), ot , is
fed into the Vision component, a Variational Autoencoder (VAE) [42, 63], which learns a compressed
representation of it. Hence, V acts as the representation model and maps ot to latent representation
st . Next, the latent representation is fed into the Memory component. M is a mixture density network
[64] combined with a RNN (MDN-RNN) [65] and acts as the transition model. The choice for the
6

MDN-RNN was made, as it allows to capture time dependencies via the hidden state. Therefore, the
transition model is defined as pθ (st+1 | st , at , ht ) with ht the hidden state of the MDN-RNN. Finally,
the latent state st and hidden state ht are concatenated and fed jointly into the Controller component.
C is a simple linear layer and maps concatenated latent and hidden state to action: at = Wc [st ht ] + bc .
The weight matrix Wc and bias vector bc are learned during training.
Once, the state dynamics component M is trained it can be used to generate simulated transitions in
latent space, based on which C can be improved upon.
The proposed architecture successfully learned to solve a race-car and a take-cover task of the OpenAI
Gym framework [66]. It is interesting to note that the Controller component, which selects the actions,
requires only a tiny fraction of the total number of parameters in this model.
4.2

Model based reinforcement learning for Atari

Next, we will discuss Simulated Policy Learning (SimPLe), the first model-based architecture that
performed well on the common Atari benchmark [53, 52]. SimPLe learns a world model that is
similar to the architecture proposed in [67], a deep action conditional convolutional feedforward
network. This architecture was specifically developed in the context of video prediction in Atari and
we refer to the paper for more details. Unlike, the previous world model, this model does not operate
in latent space. Hence, the actual next frame is generated. Once the model is learned, it is used to
train a Proximal Policy Optimization (PPO) agent, a common architecture in RL [68]. The PPO agent
then collects experience in the real environment that, in turn, is used to further optimize the model.
While humans are able to play Atari games successfully within minutes [69], the Atari benchmark
represents a long-standing challenge for reinforcement learning algorithms and highlights their
data-inefficiency. Prior to SimPLe, the best performing algorithms on this benchmark were RainbowDQN and PPO, model-free methods [54, 68]. SimPLe learns faster than the model-free methods on
nearly all games. Depending on the game SimPLe is 2-10× more data-efficient than Rainbow-DQN.
Furthermore, on some games, SimPLe achieves the same scores after 100k steps as pure PPO on
10M steps. However, the overall scores SimPLe achieves after 10M steps are lower than the ones of
model-free methods. Nevertheless, the results are promising and suggest model-based reinforcement
learning as a highly efficient alternative to model-free methods.
4.3

Dream to control: Learning behaviors by latent imagination

Other important ideas that build on [18] were introduced in “Dream to control: Learning behaviors by
latent imagination” [19]. The resulting architecture is called Dreamer and learns to solve long-horizon
tasks in the DMControl suite purely by latent imagination. Dreamer learns a representation model,
transition and reward model with shared parameters θ. In contrast to the previous architecture,
Dreamer additionally learns an action-value function, qφ (st , at ), and state-value function, vψ (st )
with the parameters φ and ψ in the respective dense neural networks. Both action and state-value
function are learned entirely in latent imagination.
The training process of Dreamer is characterized by three phases: (1) Dynamics learning, (2)
Behavior learning and (3) Environment interaction. This distinction originates from [33]. In (1) the
representation, transition and reward model are learned based on a batch sampled from the replay
buffer D. In (2) the state and action-value function are learned based on transitions dreamed up by
the transition model and reward model. And in (3) the action-value function is used to gather new
experience in the actual environment, but without any parameter updates happening.
Dreamer outperformed the previous state-of-the-art method D4PG by a significant margin, while
only requiring 5% of the number of training steps on the DeepMind control suite. This translates to a
training time of only 3 hours compared to 24 hours for D4PG. Prior to CURL (discussed in Section
3.2.1) Dreamer achieved the top scores on the DMControl benchmark.
4.3.1

Planning to Explore via Self-Supervised World Models

In this section we will briefly discuss an architecture that establishes the link between model-based
methods and self-supervised exploration (discussed in 3.3). The architecture Plan2Explore was
proposed in [70]. Plan2Explore learns to explore environments by leveraging planning. While the
methods discussed in Section 3.3 learn a model-free exploration policy, Plan2Explore learns the
exploration policy purely from imagined trajectories, i.e. in a model-based fashion. To achieve
this, the architecture is based on the Dreamer, the agent discussed in the previous Section 4.3. First,
7

Plan2Explore leverages planning to explore the environment in a self-supervised fashion, i.e. without
any external rewards but solely based on intrinsic rewards. By doing that it learns a global model of
the world. After the exploration phase the agent has to learn to solve different downstream tasks in a
zero-shot or few-shot manner.

5

Discussion

Overall, we found that both self-supervised learning and model-based methods can be powerful tools
in the RL-toolbox and result in more sample-efficient learning. In this section we will first discuss
the commonalities and intersections between the two approaches and then propose some methods to
unify them.
The world models learned in model-based methods are actually learned in a self supervised
fashion. However, the representations differ for both approaches. The learned representation of
the environment of model-based methods has to be as accurate and close to the real environment
as possible, as the model is used for planning. This is necessary since otherwise the generated
experience could be quite distant from real experience. As a result the behaviour learned in
simulation would not transfer well to the real environment. Therefore, a wrong model could even
have detrimental effects on the learned value functions and/or policy [26]. On the other hand, for
self-supervised methods the representation does not necessarily have to be as accurate as possible.
It only has to be useful in some way. But of course to be useful, it has to reflect the environment
sufficiently, but in some beneficial way (i.e. by removing redundancy).
Despite their superficial differences, we believe that the two approaches are largely compatible in
many ways as they address orthogonal shortcomings. In Section 3 three possibilities to extend the
reinforcement learning framework with self-supervision were examined: auxiliary losses, contrastive
learning and exploration. Section 4.3.1 discussed an architecture that incorporates self-supervised
exploration into the model-based framework. In the following, we will briefly discuss potential
methods to combine auxiliary losses and contrastive learning with model-based methods and thus
exploiting the strengths of both approaches.
Take contrastive learning: As addressed in Section 4, modern model-based methods usually learn
a representation model pθ (st+1 | st , at , ot+1 ) that maps a high dimensional state to its latent
counterpart. The representation model could be learned in a contrastive fashion with queries
q = fθq (oq ) and keys k = fθk (ok ) as used in Section 3.2.1. The dynamics and reward models can
then be learned as previously. However, one could go one step further and learn the dynamics and
reward model in a contrastive fashion as well, by sampling positive and negative states/rewards
from the replay buffer. Incorporating those changes would allow to leverage both the power of
contrastive learning and of model-based methods. Furthermore, this would require a replay buffer of
observations to learn the representation model. Nevertheless, it is not clear whether the contrastive
representations would be advantageous. This needs to be examined experimentally and remains
future work.
How can auxiliary losses and model-based methods be unified? A promising candidate is
the auxiliary dynamics verification task. Based on state-action-next state tuples (s, a, s0 ),
the goal is to predict whether the transition comes from the environment or not. This auxiliary
loss could potentially be incorporated into the loss function of the transition model and learned jointly.

6

Conclusion

Despite many remarkable advances in reinforcement learning in the last few years one of the most
notable limitations of reinforcement learning algorithms remains: data-inefficiency. This paper discusses two promising approaches for more efficient reinforcement learning, self-supervised learning
and model-based methods. In Section 3 different self-supervised methods are covered. Specifically,
the section discusses auxiliary tasks, contrastive learning and self-supervised exploration strategies.
Section 4 examines different model-based approaches and current state-of-the-art architectures, including SimPle, Dreamer and Plan2Explore. Overall, we conclude that both self-supervised learning
and model-based methods can be powerful extensions to the reinforcement learning framework and
are fruitful approaches towards more efficient reinforcement learning architectures and we look
forward to exploring the limits of those methods.
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