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Abstract

Model-based methods and transfer learning approaches, such as pre-training schemes, have both

shown promise in addressing the sample-efficiency problem of deep reinforcement learning (RL). In

this work, we explore pre-training solutions within model-based frameworks that allow agents to effi-

ciently adapt to novel but similar tasks. We propose a categorization of transferable features between

similar tasks that leverages the perceptual, dynamical, and semantic similarities between them. In ad-

dition, we propose the Multiple-Augmented Pre-training Scheme (MAPS), a new pre-training algorithm

that takes advantage of learning such features in order to build an agent that is more prone to positive

transfer, across different environments. We extensively evaluate our approach using a state-of-the-art

model-based agent. We perform an ablation study that highlights how the proposed features affect the

transfer performance of different components in the architecture of model-based agents. Furthermore,

we show how MAPS allows agents to efficiently transfer to similar tasks, outperforming other standard

approaches. Finally, by assessing its performance in Atari environments, we show how MAPS easily

scales to more complex scenarios.
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Resumo

Agentes baseados em modelos e abordagens que usam transferência de conhecimento, tais como es-

quemas de pré-treino, afiguram-se como métodos promissores para abordar o problema da eficiência

amostral dos algoritmos de aprendizagem por reforço profunda. Este trabalho explora métodos de pré-

treino aplicados a agentes baseados em modelos de modo a permitir que estes sejam capazes de se

adaptarem de forma eficiente a tarefas novas, mas semelhantes. Propõe-se uma categorização de car-

acterı́sticas transferı́veis entre tarefas semelhantes, que envolvem semelhanças perceptuais, dinâmicas

e semânticas entre elas. É proposto ainda o Multiple-Augmented Pretraining Scheme (MAPS), um novo

algoritmo de pré-treino que tira partido destas caracterı́sticas de modo a aprender um agente trans-

ferı́vel entre diferentes ambientes. Avalia-se extensivamente a abordagem usando um agente baseado

em modelos de última geração. Realiza-se um estudo de ablação que destaca como as caracterı́sticas

propostas afetam o desempenho de transferência dos diversos componentes da arquitetura dos agentes

baseados em modelos. Além disso, mostra-se como o uso do MAPS permite com que os agentes sejam

transferidos de forma eficiente para novas tarefas semelhantes, superando outras abordagens padrão.

Por fim, ao testar a performance em ambientes Atari, mostra-se como o MAPS é facilmente escalável

para cenários mais complexos.

Palavras Chave

Aprendizagem por Reforço; Aprendizagem por Transferência; Aprendizagem de Representação
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From teaching quadrupedal robots to walk on complicated terrains [1], to beating world champions

on the game of Go [2], Reinforcement Learning (RL) approaches have been successfully applied to

complex scenarios like games [3, 4], robotics [5–7] and control [8]. However, while allowing agents

to learn to act in such complex scenarios, RL algorithms are generally sample-inefficient, requiring a

significant number of interactions with the environment to learn successfully, and often fail to generalize

to similar tasks [9]. This is specially problematic in real world settings, where getting new samples is

both slow and expensive, and where the agent might always encounter some situation that it did not

encounter during the training phase.

Humans, in contrast, have a learning process that is highly sample-efficient, which reuses prior

knowledge of similar tasks (such as motion primitives and environmental physics) to efficiently learn

to perform novel tasks [10, 11]. This stark difference motivates the need for transferable knowledge to

address the sample-efficiency of RL algorithms.

According to Laskin et al. [12], two classes of approaches have been proposed in the literature to

address such sample-inefficiency: (i) introducing auxiliary self-supervised tasks on the observations of

the agent, in model-free RL methods [12–14]; and (ii) learning predictive world-models in model-based

RL methods [11,15–19]. While the former aims at learning useful representations from the observations

of the agent, that can help in the RL task, the latter employs predictive world-models to collect fictitious

observations from the environment, thus providing access of the RL agent to “cheap data”. Most existing

literature follows one of these approaches, for example introducing contrastive and auxiliary losses [12,

14] or do task augmentations [20] to speed up learning, or try to learn a good world-model for fast

planning [11,19,21]. In this work, we exploit simultaneously the benefits of the two approaches to allow

the efficient transfer of knowledge across similar tasks, by addressing the following research question:

“How to augment the pre-training of model-based RL agents to efficiently fine-tune to novel

downstream tasks?”

We focus on the problem of pre-training model-based RL agents to facilitate their transfer to similar

tasks. We start by contributing an in-depth categorization of transferable features across similar tasks,

where we learn features that capture invariant information between new, similar scenarios that the agent

can exploit subsequently in its fine-tuning phase. In particular, we focus our discussion in the transfer

between tasks that share perceptual, dynamic and semantic features. Furthermore, we contribute a

novel pre-training scheme for model-based RL agents that exploits such transferable features, which we

dub Multiple-Augmented Pre-training Scheme (MAPS). During the pre-training phase, MAPS introduces

multiple self-supervision tasks based on the observations of the agents obtained in the current or similar

tasks, improving the efficiency of the subsequent fine-tuning phase in novel downstream tasks. Such

introduction of variability in data has already been explored to fine-tune neural networks to different tasks

in contexts such as computer vision [22–24] and natural language processing [25,26].

3



We evaluate MAPS against different pre-training approaches in scenarios of increasing complex-

ity, considering a state-of-the-art model-based RL framework (namely, DreamerV2 [19]). We perform

an ablation study in a Mini-Grid environment [27] that highlights how changes in the perceptual and

dynamical conditions affect the transfer of the components of model-based RL agents to similar tasks.

Furthermore, in a more complex Grid-based scenario, we highlight the role of introducing perceptual and

semantic variability during the pre-training phase, showing that MAPS outperforms other standard pre-

training schemes. Finally, in an Atari environment, we highlight the scalability of MAPS to more complex

scenarios, and show how pre-training with MAPS significantly improves the fine-tuning performance.

1.1 Contributions

In summary, the contributions of this work are as follows:

• We contribute a categorization of transferable features for the pre-training of model-based RL

agents;

• We introduce the Multiple-Augmented Pre-training Scheme (MAPS), a novel pre-training scheme

that exploits such features to introduce variability during pre-training;

• We evaluate MAPS against different pre-training approaches in scenarios of increasing complexity,

showing how our approach allows agents to efficiently fine-tune to novel downstream tasks;

• In addition, we propose different grid-based scenarios to evaluate the transfer performance of RL

agents and contribute with an open-source Pytorch implementation of DreamerV21.

1.2 Outline

This thesis is organized as follows: in Chapter 2, we provide a brief background overview of Reinforce-

ment Learning and Transfer Learning. We finish the chapter with the introduction of the Dreamer agent.

We follow in Chapter 3 with a discussion over recent research on model-based RL and Transfer Learn-

ing. In Chapter 4 we propose the concept of learnable transfer features and how to build augmentations

to learn them, and introduce MAPS. And finally in Chapter 5 we perform an experimental evaluation of

the proposed methods. We then conclude with some finals remarks in Chapter 6.

1Available at https://github.com/esteveste/dreamerV2-pytorch
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2.1 Reinforcement Learning

Reinforcement Learning (RL; [28]) refers to a widely employed computational framework to learn how to

solve sequential decision-making problems under uncertainty, through trial-and-error interaction with a

given environment. RL problems can be formalized as Markov Decision Processes (MDP) that describe

a sequential decision problem under uncertainty [28]. A MDP M can be instantiated as a tuple M =

(S,A, P, r, γ), where:

• S, the state space, corresponds to the set of possible states s ∈ S of the environment;

• A, the action space, denotes the set of possible actions a ∈ A that the agent is able to perform;

• P , the transition probabilities, describes the dynamics of the environment, where P (s′ | s, a) =

P[st+1 = s′ | st = s, at = a] is the transition function;

• R : S ×A → R is the immediate reward function;

• γ is the discount factor; its value determines how future rewards are valued by the agent.

The goal of the agent is to learn a policy π : S → A that maps states to actions so as to maximize,

for each initial state s ∈ S,

vπ(s) = E

[
T∑
t=1

γtr(st, at) | s1 = s, at ∼ π(st)

]
.

In another words, the agent wants to maximize the discounted return, averaged over many episodes.

The policy function can be either deterministic or stochastic. If the function is deterministic, we write

a = π(s) to denote the action in state s. If the policy is stochastic, we write π(a|s) to denote the

probability of the action a given the state s. This way, π(a|s) can be seen as a distribution, where an

action sampled from the policy will be denoted as a ∼ π(·|s).

In this formulation the transition function P only requires the previous state st and action at to predict

the next state st. We might consider a different formulation where the probability of the environment

transitioning to the state st+1 is conditionally dependent on all of the previous states s and actions amade

in the environment. However by being dependent on all previous states and actions, is hard to model

the transition function in this form, especially if an episode has many time steps. Thus the presented

simplification, where st+1 only depends on the previous state st and action at becomes useful, on what

is known as the Markov property. Despite the simplification, this idea is powerful, since any state can be

made to include all the necessary information so that the transition function is Markov [29].

One important thing to note is that the agents do not have access to the transition function, P(st+1|st, at),

or the reward function, R(st, at, st+1). To get the information about these functions, the agent has to in-

teract with the environment, by receiving experience tuples, (st, at, rt, st+1).

7



Figure 2.1: The agent-environment interaction in a reinforcement learning setting. From Graesser et al. [29].

Summarizing, in the RL framework, an agent interacts with a (potentially) stochastic environment in

a sequence of steps in order to learn how to perform some task. As shown in Fig.2.1, at each-time step:

1. The agent observes the current state st of the environment,

2. Given the current state st, the agent selects an action at following some policy π,

3. The agent’s action at receives the reward rt from the environment which, subsequently changes

to state st+1.

We denote the tuple (st, at, rt, st+1) as the experience of the agent at time-step t. The interaction

between the agent and the environment can repeat forever, however in practice it ends either by reaching

a terminal state, or by reaching a maximum time step t = T . The interval between the time step t = 1

and the time step when the interaction ends is called an episode. A trajectory τ is then a possible

sequence of experiences within an episode, τ = {s1, a1, r1, s2, a2, r2, . . . , st−1, at−1, rt−1, st}.

2.1.1 Deep Reinforcement Learning Algorithms

There are three major families of deep reinforcement learning algorithms - policy-based, value-based,

and model-based methods, that learn the policy, value, and transition functions. Besides these methods,

there are also methods that combine learning more than one of these functions. We can see an overview

of some of the most known deep reinforcement learning algorithms from each family represented in

Fig. 2.2.

These algorithms can also be classified into model-based and model-free methods, as delimited on

Fig. 2.2.

Contrary to model-free approaches, model-based approaches explicitly learns a model of the envi-

ronment and uses such model to compute/approximate the optimal policy [30]. Specifically, model-based

RL approaches typically learn the different components describing the interaction of the agent with the

environment, such as

8



Value-based

� SARSA

� DQN: Deep Q-Network

� Double DQN

� QT-OPT

Policy-based

� REINFORCE

Model-based

� Iterative Linear Quadratic
Regulator (iLQR)

� Model Predictive Control
(MPC)

� Monte Carlo Tree Search
(MCTS)

Combined methods
Value and Policy

� Actor-Critic: A2C, GAE,
A3C

� Trust Region Policy Opti-
mization (TRPO)

� Proximal Policy Optimiza-
tion (PPO)

� Soft Actor-Critic (SAC)

Combined methods
Model + Value and/or

Policy

� Dyna-Q/Dyna-AC

� AlphaZero / Muzero

� Dreamer

� World Models

� Value Prediction Networks
(VPN)

Model-basedModel-free

Figure 2.2: Families of deep reinforcement learning algorithms, including some algorithm examples. Inspired in
Graesser et al. [29].
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• A reward model, R̂(s) ∼ p(rt | st = s), that predicts/samples a reward rt as a function of the state

st. This model can be used to generate synthetic state-reward pairs (s, r).

• A transition model, P̂ (s, a) ∼ p(st | st−1 = s, at−1 = a), that predicts/samples a state st, given

the previous state, st−1, and the previous action of the agent, at−1. This model can be used to

generate synthetic transitions (s, a, s′).

In scenarios where the agent cannot access st and must, instead, rely on high-dimensional observations,

some models learn an additional representation model, Ŝ(o) ∼ p(st | st−1, at−1, ot = o). This model

is usually recurrent (hence its dependence on st−1 and at−1) and estimates the current state given

the current observation o and the agent’s past history. This model is usually used to track the state

st when the latter cannot be directly observed. Other approaches employ a simpler representation

model, Ŝ(o) ∼ p(st | ot = o), such as World Models [15], that do not require the agent history. In

practice, the representation model is usually trained in an unsupervised manner to learn a compact

latent representation st of the high-dimensional observation ot [31]. All these learned functions act as

the agent’s internal model of the world, and the agent can now compute/approximate the optimal policy

by performing planning on its internal model.

2.2 Transfer Learning

Transferring knowledge between tasks is a problem addressed in the field of Transfer Learning, which

seeks to bring learning improvements by relaxing the common Deep Learning assumption that the data

used for learning between old and new tasks must be independent and identically distributed [32].

Pre-training is considered the predominant approach to perform experience transfer, and in this work

we use pre-training as the basis for knowledge transfer [33]. Pre-training requires two sets of tasks, a

pre-training task, that we will refer from now on as Tp, and a downstream task, or Td. Pre-training works

as follows:

1. First, we train a model on the pre-training task, Tp;

2. Then, we adapt the model on the downstream task, Td, by using the previously learned weights,

via fine-tuning.

We can also define “component transfer” as the process of training the complete model in the

pre-training task and subsequently loading the learned weights of the target component(s) in a new,

randomly-initialized model. Additionally, we call fine-tuning as the process of executing the normal RL

algorithm in the downstream task after pre-training. In Fig. 2.3, is an example of a model composed by

components A,B and C, where we transfer B to learn a new task via fine-tune.
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Figure 2.3: Example of transferring the component B to a newly initialized model to be used for learning a down-
stream task. White squares represent newly initialized component parameters, while colored squares
represent parameters that where learned during training, where different colors represent different pa-
rameter configurations.

When performing transfer learning, ideally we want the model to be able to use the previously learned

knowledge to learn the downstream task faster and achieve equal or better performance than if it was

trained without previous information. This idea of a positive contribution in the transfer of previous knowl-

edge in the learning process, is know as positive transfer. However, the opposite event is also possible,

where the learned parameters of a previous pre-training task might saturate the network, or learn un-

useful functions that need to be unlearned, resulting in a decrease in training efficiency, commonly

denominated as a negative transfer.

2.3 Dreamer

In this work, we explore the efficiency of pre-training model-based agents within the framework of Dream-

erV2 [19], a state-of-the-art model-based agent. DreamerV2 agent builds on several previous works.

Therefore, to provide adequate context, we start by introducing PlaNet [34] and DreamerV1 [35], and

then present DreamerV2 with an efficient and effective model-based agent for complex visual tasks on

discrete action spaces.

2.3.1 PlaNet

Deep Planning Network (PlaNet) is an agent that learns the environment dynamics from images and

then performs planning in the latent space of the dynamics model [36]. PlaNet uses a Recurrent State

Space Model (RSSM) [34,37], a latent dynamics model with deterministic and stochastic elements, that
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Figure 2.4: Recurrent State-Space Model (RSSM) from the PlaNet paper [36]. In this diagram, the models observe
the first two time steps and predict the third. The stochastic variables are represented as circles and
the deterministic variables as squares. The solid lines denote the generative process and the dashed
lines the inference model.

the authors show to be crucial for successful planning. The RSSM consists of an representation model,

a transition model, a observation model and a reward model. These latent model components can be

described as follows:

Recurrent model : ht = f(ht−1, st−1, at−1)

Representation model : st ∼ q(st|ht, ot)

Transition predictor : ŝt ∼ p(ŝt|ht)

Observation predictor : ôt ∼ p(ôt|ht, st)

Reward predictor : r̂t ∼ p(r̂t|ht, st)

(2.1)

In Fig. 2.4, we further can see how the RSSM model observes two time steps and predicts a third.

By following the diagram and (2.1), when training the dynamics model, the recurrent model receives

the action at−1, the deterministic state ht−1 and stochastic state st−1 from the previous time step and

computes the next deterministic state ht. Then ht is used to compute the stochastic state ŝt with the

transitional model. And finally by concatenating both the deterministic ht and stochastic ŝt states we can

compute the observation ôt and reward r̂t with the observation and reward models, respectively. When

receiving a new observation from the environment, with the deterministic ht and posterior observation

ot, we can get the posterior stochastic state st by using the representation Model (represented by the

dashed lines).

With this architecture, PlaNet then uses a Model-Predictive Control (MPC) [38] agent to replan at

each step. More specifically, it uses for planning the Cross-Entropy-Method (CEM) [39, 40] with the

RSSM to search for the best action sequence. Therefore, in contrast to most model-free methods, by

using this algorithm no explicit policy or value network is used. With this approach, PlaNet achieves a
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Figure 2.5: Training stages of DreamerV1. Image from Hafner et al. [35]

close performance to strong model-free algorithms, on the continuous tasks MuJoco [41] and DeepMind

control suite [42]. This method focus however on solving continous control tasks, thus is an unsuitable

choice since in this work we decided to focus on discrete control tasks due to its diverse and challeging

visual elements provided by common video games.

2.3.2 DreamerV1

Based on the contributions of PlaNet, the Dreamer [35] model was proposed, a novel model-based

agent capable of solving long-horizon tasks from learning purely by latent imagination. We can divide

the Dreamer agent into 3 steps: dynamics learning, behaviour learning and environment interaction.

These 3 algorithmic components are represented in Fig. 2.5.

Like PlaNet, Dreamer uses the recurrent state-space model (RSSM) as world model. Following the

previous RSSM explanation and its components in (2.1), Dreamer trains the dynamics model using as

loss

Lossd = E

[∑
t

log p(ot|st, ht) + log p(rt|st, ht)− βDKL [q(st|ht, ot)||p(st|ht)]

]
. (2.2)

where β regularizes the information from ot to st. The loss is constituted by 2 reconstruction terms, for

observations and rewards, and a KL regularizer. The expectation is then taken over the dataset and

representation model.

Dreamer uses an actor-critic approach for behaviour learning, learning an action and a value models

defined over the latent space of the world model, i.e.,

Action model : aτ ∼ qϕ(aτ |ŝτ , ĥt)

Value model : vψ ≈ E
q(.|ŝt,ĥt)

[Σt+Hτ=t γ
τ−tr̂τ ]

(2.3)

The action model implements the agent’s policy, predicting the actions that solve the learned environ-
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ment, while the value model estimates the expected returns according to what the action model achieves

from each state st.

Dreamer learns new behaviours starting from some a sequence of model states, s0:t, and then

generating new “imagined” trajectories {sτ , aτ , rτ}t+Hτ=t from its learned model, starting from timestep t

until an predefined imagination horizon t +H. To properly learn the action and value models, we need

to estimate the state values of these imagined trajectories.

Dreamer uses Vλ for value estimation, an explonentially-weighted average of the k-step estimates

(V kN ) for different k to balance bias and variance,

V kN (sτ , hτ )
.
= E
qθ,qϕ

[

h−1∑
n=τ

γn−τrn + γh−τvψ(sh)] with h = min(τ + k, t+H)

Vλ(sτ )
.
= (1− λ)

H−1∑
n=1

λn−1V nN (st, ht) + λH−1V HN (st, ht)

(2.4)

where Vλ can also be seen as the λ-return in TD(λ) [28].

The action and value models are trained cooperatively as in policy iteration, where the action model

tries to maximize the estimate of the value, and the value model tries to match the estimate of the value

that changes with the action model, following

Action loss : max
ϕ

E
qθ,qϕ

[

t+H∑
τ=t

Vλ[sτ , hτ )]

Value loss : min
ψ

E
qθ,qϕ

[

t+H∑
τ=t

1

2
||υψ(sτ , hτ )− Vλ(sτ , hτ )||2]

(2.5)

where θ represents the parameters of the dynamics model, and ϕ, ψ represent the parameters of the

action and value models, respectively.

The value model is updated to match the target by following the value loss and the gradient is stoped

from propagating at the value model. The action model learns to maximize the value estimates by prop-

agating the gradients from the value and dynamic models, by stochastic backpropagation. To propagate

the gradients over distributions, Dreamer uses the reparameterization trick [43] for continuous actions

and latent states, and straight-through gradients [44] for discrete actions. Meanwhile, the world model

parameters are fixed while learning behaviors. This technique of backpropagating through the value

model to learn the action model is similar to Deep Deterministic Policy Gradient (DDPG) [8] and Soft

Actor-Critic (SAC) [45].

Finally, Dreamer interacts with the environment by using the stochastic state st obtained from the

representation model and the environment and performs an action according to the action model, like

in the Fig. 2.5. The deterministic state ht is also computed using the previous stochastic state st−1
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obtained from the environment.

Dreamer achieves a good performance on 20 visual control tasks from the DeepMind control suite

[42], surpassing the performance on all the tasks of Planet, and having a very competitive performance

with D4PG [46] and A3C [47] with 20x fewer samples. The authors also tried Dreamer on discrete action

tasks like the Atari suite [48], but the results were not as strong as other methods.

2.3.3 DreamerV2

In the following year, an improved version of the Dreamer model was introduced, specifically designed

for discrete control, often referred as to DreamerV2 [19]. While applying the DreamerV1 agent as a

starting point, the authors proposed some changes that turned out to be beneficial for an improved

performance of the agent. In a short summary, the most important changes were:

• Using categorical latents with straight-through gradients [44] instead of Gaussian latents in the

world model;

• Using REINFORCE [49] for learning the actor instead of using the dynamics backpropagation;

• Added a KL balancing term to seperatly scale the cross entropy of the prior and the posterior in

the KL loss;

• Regularize the policy entropy to incentivize exploration in both data collection and in imagination;

• Learning an aditional discount predictor, γ̂t ∼ p(γ̂t|ht, st) , to estimate when a episode ends when

learning a policy in the model’s imagination;

The updated dynamics learning loss from (2.2) adds the discount reconstruction term and uses KL

balancing (not represented),

Lossd = E

[∑
t

log p(ot|st, ht) + log p(rt|st, ht) + log p(γt|st, ht)− βDKL [q(st|ht, ot)||p(st|ht)]

]
. (2.6)

Finally the actor loss is updated from (2.5) to

Lossa = max
ϕ

E
qθ,qϕ

(

t+H∑
τ=t

log pϕ(aτ |sτ , hτ )sg(Vλ(sτ , hτ )− υψ(sτ , hτ ))− ηH[at|st, ht]), (2.7)

where the first term is REINFORCE and the second the entropy regularizer, sg represents stop-gradients,

and η is a loss scaling parameter.

Proceeding now to the description of the architecture, in Fig. 2.6a is described a flow of the multiple

components of the agent. The representation model here is comprised of the encoder and the posterior
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(a) (b)

Figure 2.6: The components of the DreamerV2 agent: a) Representation of the flow of the inputs to build the current
state through the image observation (representation model Ŝ) and predict the next state (transition
model P̂ ). b) Diagram of rest of the components with its multiple objective functions and how the
gradient propagates through them

networks that encode the image input ot into the latent stochastic state st. The representation model can

also be seen as an image encoder, that in conjunction with the decoder component form a Variational

AutoEncoder (VAE) [43]. The transition network is represented by the recurrent model that gives the

deterministic state ht, and the prior network that uses prior information to make a prediction of the

current stochastic state ŝt.

The latent state that is made of the concatenation of the deterministic ht and stochastic st states. It

is then used in the following networks heads as input; In Dreamer, the decoder of the VAE, the reward

predictor and the discount predictor propagate their gradients to build a better internal representation of

the state. As denoted in Fig. 2.6b, the gradients of the policy and value functions are not propagated to

the rest of the model.

To alleviate the high complexity of modeling a task, Dreamer learns a policy by imagining future time-

steps on a short horizon, as well uses as the starting point the latent states used to train the world model

from the replay buffer. Following the 3 steps from the previous section and Fig. 2.5, the procedure on

how the training of the Dreamer algorithm works is described in Algorithm 2.1 and goes as follows:

0. Lines 1-4: we start by prefilling the replay buffer with some environment samples, using a random

policy,

1. Lines 8-10: we perform dynamics learning, by sampling a batch from the replay buffer and training

the world model,

2. Lines 12-15: we perform behaviour learning, where the agent learns a policy by imagining new

states, using the previous observed states as a starting point,
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3. Lines 19-25: the agent interacts with the environment to collect more data samples. And jump

back to step 1 until the agent executed the desired number of steps.

Algorithm 2.1: DreamerV2 algorithm in Python pseudo code
1 observation = enviroment.reset()

2 # we start by filling the replay buffer with some episodes

3 # using a random policy

4 prefill_with_random_agent(replay_buffer,enviroment)

5

6 while not_finished:

7 # train the world model using the episode data from the replay buffer

8 batch = replay_buffer.sample_batch()

9 wm_loss, latent_states = agent.world_model.train(batch)

10 agent.world_model.update_weights(wm_loss)

11

12 # learn to play the policy by imagining new latent states

13 # using the replay data as a starting point

14 policy_loss = agent.imagine(latent_states,horizon)

15 agent.policy.update_weights(policy_loss)

16

17 # for every learning step, Dreamer collects N steps by interacting

18 # with the environment

19 for _ in range(steps_in_environment):

20 action = agent.get_action(observation)

21 observation = env.step(action)

22

23 if episode.done(): # save completed episodes to replay buffer

24 replay_buffer.save(episode)

25 observation = env.reset()

By making these changes, the DreamerV2 was able to surpass the performance of other model-

free methods like Rainbow [50] or IQN [51] on the Atari 200M benchmark [48], while using the same

computational budget and training time.

The interesting phenomena of model-based RL reaching and outperforming top model-free on com-

petitive RL benchmarks, opens new possibilities for efficient transfer and multi-task learning using world-

model architectures. Thus we considered DreamerV2 as a good choice for this work.
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Figure 3.1: Planning in the MuZero architecture, where representation model Ŝ and the transition model P̂ are
represented by blue squares, the reward, value and policy networks are represented with yellow rect-
angles, and where the purple square represents a shared ResNet [52] backbone of the value and policy
networks.

3.1 Model-based RL methods

In this section, we present some of the most recent successes in model-based RL research.

3.1.1 MuZero

One of the first big successes in model-based reinforcement learning on high dimensional spaces like

images was MuZero [53], spurring a major new enthusiasm in the field. Following the successes of

AlphaGo Zero [54] and AlphaZero [55], MuZero learns an unknown sequence model of rewards and

values and performs planning of the actions via Monte-Carlo Tree Search (MCTS) [54,56].

The MuZero agent is composed by the following components:

Representation model : st ∼ q(st|ot)

Transition predictor : ŝt ∼ p(ŝt|st−1, at−1)

Reward predictor : r̂t ∼ p(r̂t|st)

Value network : v̂t ∼ p(v̂t|st)

Policy network : p̂t ∼ p(p̂t|st)

(3.1)

Following in Fig. 3.1 and the notation presented in Section ??, MuZero uses a representation model

Ŝ to convert the image inputs o to an initial state s1, then a Monte-Carlo tree search is performed at

each timestep, where it samples an action at from the search policy action distributions pt, and it uses
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Figure 3.2: The architecture of the World Models agent, modified from [15]. The model comprises a world model
and a controller C. The world model, in turn, comprises a representation model (Ŝ) and a transition
model (P̂ ).

the transition model P̂ to predict the next possible state st+1.

MuZero creates its sequence model by using only the information of the task reward and does not

perform any explicit representation learning using images. With its significant engineering effort, MuZero

achieves impressive results on multiple board games and deterministic Atari games.

However, the MuZero agent is not sample efficient, requiring 20 billion frames to train Atari games.

Furthermore, the implementation of this algorithm is not available to the public and requires more than

2 months of compution to train one agent on a GPU. In our work, we employ DreamerV2 that, contrary

to MuZero, allows for training an Atari agent in a single GPU for 10 days [19].

3.1.2 World Models

Inspired by the human cognition, Ha and Schmidhuber proposed the World Model agent, a model-

based framework composed of two key modules (as shown in Fig. 3.2): a representation module Ŝ,

that compresses the image input into an internal representation s, and a transition module P̂ , that

corresponds to the agent’s internal model of the world’s dynamics. With the information from these two

modules, a simple controller C is learned to perform actions in the environment.

The representation model is trained using a Variational AutoEncoder (VAE) [43], the structure of

which consists of two main parts: an encoder, which here is the representation model Ŝ, and a decoder.

The transition module is composed of a recurrent neural network with a mixture density network (MDN)

[57]. These two components, the representation and transition models are considered by the authors as
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a World Model.

The world model agent is trained sequentially: initially, the agent performs random actions in the

desired environment, and collect the image observations and performed actions into a dataset. With

that dataset, the authors start by training the VAE to reconstruct the images. Then by fixing the VAE

encoder parameters, the observations from the agent are encoded into latent representations which,

alongside the actions of the agent, are employed to train the transition model (MDN-RNN) in order to

predict the latent representation of the next-time step.

To train the controller, the authors to use evolutionary algorithms, which require large amount of

trained data. Thus to minimize the need for large amounts of data, the authors learn the controller

entirely inside the world model. However, by doing this, the agent exploits the model’s dynamics, and

therefore overfits the policy to the model’s imperfections. To avoid this, a temperature parameter τ is

added to adjust the uncertainty of the model when sampling new states.

Tested on 2 different tasks, the world models agent surpassed the performance of all other referred

methods. However, since these tasks are not generally benchmarked, is hard to know how does it com-

pare to with current research. On another note, the authors experimented their model in environments

where the full dynamics are observable by performing only random exploration. Thus, more complex

environment dynamics require an interactive process, to keep adjusting the world model on the new

discovered states. So, even though by training the controller inside the world model might help on the

sample efficiency of the genetic algorithm, the iterative process of retraining and finding the ideal tem-

perature value for each iterative step is still very computationally inefficient. Thus, in our work, the choice

of DreamerV2 is more computationally and sample efficient since its internal model continuously learns

with new data, without the need of finding a good temperature value or number of new environment

steps to retrain the world model.

3.1.3 SimPle

Simulated policy learning, or SimPle, uses a video prediction model accompanied by an additional latent

variable to directly predicting a future frame based on 4 previous frames [11]. Then, SimPle uses the

model-free Proximal Policy Optimization (PPO) [58] algorithm to perform policy optimization inside the

simulated frame predictions made by the learned model.

In experimental settings, SimPLe is more sample efficient than the Rainbow algorithm [50] in several

Atari games with only 100,000 environment samples. However, with more training steps the benefits

in sample efficiency seem to fade away. SimPLe fails to achieve competitive results with the Rainbow

algorithm after 500,000 training samples. In contrast, DreamerV2 with more training steps, gets state of

the art results, when compared to SimPLe.

For a more complete survey on the field of model-based and deep reinforcement learning we refer
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to [31].

3.2 Transfer Learning

Transfer Learning consists of the class of methods that attempt to bring learning improvements by

reusing previous learned knowledge. Pan et al. [59] propose three main questions related to transfer

learning: “What to transfer”, “How to transfer”, and “When to transfer”.

“What to transfer” looks for which part of the knowledge can be transferred between domains or

tasks. Some knowledge is specific for each task, while some other knowledge might be common across

different domains and help the performance on the target domain.

Zhu et al. [60], presents a framework for organizing transfer learning methods into 5 different sub-

topics: reward shaping, learning from demonstrations, policy transfer, inter-task mapping and represen-

tation transfer.

In this work, we focus on representation transfer, where the transferred knowledge are the feature

representations, including the representations learned for value or Q-functions. Here we also assume

this category includes the transition function in model-based methods.

After setting what knowledge will be transferred, finding the right algorithm to transfer the knowledge

corresponds to the “How to transfer” question. “When to transfer” refers to which situations transfer

learning should or not be applied. In some situations, if the source and target domains are not related to

each other, directly attempting to perform a brute-force transfer might be unsuccessful. Furthermore, it

may even hurt the performance of the task domain in a phenomenon called negative transfer [61]. Like

most research, in this work our main focus is on the first two questions, but taking into consideration how

to avoid negative transfer is also an important open issue [59].

3.2.1 How to transfer?

Several different methods have been proposed to address the methodology of how to transfer knowledge

between tasks. The most widely-used, pre-training, has been successfully applied to a variety of fields

beyond RL. For example, in computer vision, self-supervised representation learning approaches have

seen significant developments, both in contrastive [22, 62] and predictive methods [23]. In this work,

inspired by those pre-training approaches in computer vision, we explore self-supervised augmentations

in the field of model-based RL.

During the pre-training phase, it is common to train the model on large amounts of general data. It is

also common to use other learning objectives only during pre-training. For example, in SimCLR [22], the

authors present a new contrastive method to pre-train a large model with a large unlabeled dataset with

1.2 million images that can then be fine-tuned with a small labeled dataset. However, in our work we
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do not have access to a large dataset with millions of highly diverse trajectories and millions of diverse

games easily available. We thus focus the pre-training on a small set of more similar tasks to extract

information from these to the desired downstream task.

On the intersection of the areas of representation transfer and model-based RL, there have been

multiple successes in performing pre-training and fine-tune on tasks with the same dynamics and differ-

ent rewards [16,21] and tasks with different dynamics [17,63], and also pre-training on previous collected

exploratory/offline-data for learning the task [14,64].

In RL settings, both CURL [12] and ATC [64] propose contrastive auxiliary objectives for learning

general representations of the agent’s environments. However, they consider only model-free agents

and employ only perceptual augmentations. In this work, we consider how perceptual, dynamical and

semantic augmentations improve the transfer of model-based RL agents.

In SGI [14] the authors employ multiple auxiliary tasks to pre-train and then fine-tune an agent on the

same task, and show negative results on transferring representations between Atari games on a small

data regime. Contrary to our work, they focus only on model-free methods, and only use random crops

and intense jittering (both perceptual augmentations). In RAD [20] the authors explore ten different

types of data augmentations, and show how using augmentations while learning the same task helps

improve the data-efficiency and generalization of RL methods. Compared with our work, RAD uses only

perceptual augmentations and focuses on model-free single task learning.

In conclusion, numerous studies show that humans learn new tasks better and faster by transfer-

ring the knowledge learned from solving similar tasks [65, 66]. By looking at research, we notice the

importance of data augmentations and auxiliary losses to help build better representations more suit-

able for good transfers. Thus, in this work, we take inspiration from the use of different augmentation

methods, to categorize them in 3 different categories, and try to explore how the use of different types

of augmentations help on experience transfer.
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4
Transferring features in model-based

RL
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(a) Baseline Task (b) Perceptual Modification

(c) Semantic Modification (d) Dynamical Modification

Figure 4.1: The proposed categorization of transferable features: the similarity between a pre-training task Tp and
a downstream task Td can be interpreted through Perceptual (P), Dynamical (D) and Semantic (S)
invariances.

In this work, we address the problem of pre-training model-based RL agents to allow the efficient

fine-tuning in novel downstream tasks. A model-based agent interacts with an environment Tp during the

pre-training phase, collecting information such as the observations op,1:H = {op,1, . . . , op,H}, the actions

performed by the agent ap,1:H = {ap,1, . . . , ap,H} and the rewards received, rp,1:H = {rp,1, . . . , rp,H},

up to a temporal horizon H. The agent then uses such information to learn to act in the environment,

learning the representation, transition and reward functions, Ŝ, P̂ and R̂, as described in Chapter 2. We

investigate how the model (Ŝ, P̂ , R̂), learned in a given task, can be used when the agent faces a similar

downstream task, Td.

Such learning process raises the question of what features, computed from op, ap, and rp, should be

transferred from the pre-trained task Tp to the downstream task Td. We propose to categorize such po-

tentially transferable features according to three classes: perceptual, dynamical and semantic features.

In this chapter, we formalize the properties of these features and contribute with a novel pre-training

scheme, MAPS, that exploits such features by building augmentations of the observations of the agent,

which in turn facilitate its adaptation to novel similar environments. In the follow sections we start by

presenting an intuition on how each class can categorize similar tasks, and then we formalize how

models that are able to act in different tasks from the class should be able to represent similar features.
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Figure 4.2: Perceptual augmentations: different image observations corresponding to the same state of the Mini-
Grid environment.

4.1 Perceptual Features

We consider transferable perceptual features as representations shared between different tasks that are

encoded only from the observations of the agent. Such features are encoded despite potential differ-

ences in the observations, such as visual augmentations of the complete image (flip, resize, inverting

colors, etc...). Consider the example provided in given in Fig. 4.2: the original observation (left) can be

augmented using transformations such as flipping the image, or inverting the colors.

More precisely, if we consider that two tasks Ta and Tb are able to share perceptual features, we as-

sume that exists a augmentation function A of the observation such that the task Ta can be transformed

into the task Tb, i.e., ob = A(oa). These tasks are then considered to share perceptual features, if we

can learn an agent model such that

Ŝ(oa) ≈ Ŝ(A(oa)).

As such, the fine-tuning learning performance of the agent in the novel task should be improved, if the

novel task shares the perceptual features with the model, learned from previous tasks. The represen-

tation model should be able to represent the same environmental state from the different observations

provided alone, despite their perceptual differences. This approach has been explored by several self-

supervision methods, such as SimClr [22] and CURL [12], that learn transferable representations by

employing visual-based augmentations on image data.

4.2 Semantic Features

We consider transferable semantic features as representations shared between different tasks that have

the same high-level meaning, such as the player and the objects. Contrary to perceptual features, which

only rely on the observations of the agent, these features require information provided from the previous

sequence of observations, actions and rewards obtained from the environment. Consider the example

provided in given in Fig. 4.3: despite their perceptual differences, the high-level semantic components of

the state of the environment in both the original and modified MiniGrid scenario remain the same: there

exists a player, surrounded by walls, which requires to grab a key to open a door, even if the objects are
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Figure 4.3: Semantic augmentations: two observations from an original and modified MiniGrid environment, high-
lighting the change in the high-level elements of the task: the player (Up: red triangle, Down: yellow
key), the walls (equal: gray squares), the key (Up: yellow key, Down: yellow door), the door (Up: yellow
door, Down: red triangle) and goal (equal: green square).

different and the sprites are swapped. To understand the functionality of each semantic components,

the agent needs to interact with the environment and remember how the components work.

More precisely, we if have 2 tasks Ta and Tb, from which the task Tb can be constructed from trans-

forming the observations of the task Ta, such that ob = A(oa), we can say that these tasks share

semantic features if the agent can learn a representation function such that

Ŝ(oa, ha) ≈ Ŝ(A(oa), hb),

where hk represents the history of the previous state and dynamic information up to the current time-step

in task k, i.e. hk = {sk,1:t−1, ak,1:t−1}. In this sense, perceptual features are a subset of the semantical

features. The main difference, is that for the agent to be able to find the similar state representations

between tasks with semantic similarities, it needs to know the history from the previous interactions

with the environment. Learning such high-level semantic knowledge suitable for RL task remains a

challenging problem [67].

4.3 Dynamical Features

We consider transferable dynamical features as the transition dynamics shared between different tasks

such that if we choose the appropriate actions we can make both tasks achieve similar states. Consider

the example provided in given in Fig. 4.4, where three different MiniGrid task sequences are represented.

All tasks start in the same state, and have different action meanings and dynamics. We can easily
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Figure 4.4: Dynamical augmentations: three different observation and action sequences from different time steps
t, in modified versions of the MiniGrid environment for action a = forward: original task (top); task with
swapped actions, “Forward” → “Rotate Left” (middle); task with random NoOp actions (bottom).

achieve the same sequence on the original task, if we make a “Rotate left” action instead the up action

for the second sequence, and if we make a NoOp action in the right moment for the third sequence. For

simplicity, we always consider the tasks to have the same state space, but this idea could be extended

to the intuition that even with different states, different tasks could share similar state transitions.

More precisely, if have 2 tasks Ta and Tb, from which the task Tb can be constructed by transforming

the actions of the task Ta, such that ab = A(aa), we can say that these tasks share dynamical features

if the agent can learn a transition function such that

P̂ (sa, aa, ha) ≈ P̂ (sa, A(aa), hb),

where hk represents the history of the previous state and dynamic information in task k up to the current

time-step, i.e., the history for the task Ta at time-step t is ha,t = {sa,1:t−1, aa,1:t−1} and for the task Tb

is hb,t = {sb,1:t−1, A(aa,1:t−1)}. In this sense, with this equation, we expect that for state-action pairs

{sa,n:t, aa,n:t} and {sb,n:t, ab,n:t}, if A(aa,n:t) = ab,n:t and sa,n = sb,n, then all the following states should

be equal, i.e., sa,n:t = sb,n:t.

An example of how this formalization of dynamical features could be extended, is to consider a

robotic setting of learning a policy in a simulator and transferring the learned policy to the real world,

in a problem known as sim2real. Small differences between the real world and the simulator can make

transferring the policy fail in the real world, so one thing we can do is to consider slightly different

dynamical augmentations to the multiple parameters of the robot control in the simulator, such that the
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Figure 4.5: The Multiple-Augmented Pre-training Scheme (MAPS) for efficient transfer of model-based RL agent
to novel similar tasks: initially, we collect a sequence of observations (using, for example, a random
policy); subsequently, we augment that specific sequence with a user-defined transformation; finally,
we stack the multiple trajectories into a single training batch.

agent can learn to adapt to the slight different real world control idiosyncrasies [68].

Given these forms of augmentations, we now describe MAPS as an approach that uses combinations

of these classes to improve the transfer learning benefits.

4.4 Multiple-augmented pre-training of model-based RL agents

Motivated by recent approaches in self-supervised visual learning [12,22], we follow the hypothesis that

by training the world-model of the agent on augmented versions of the pre-training task, Tp, we force the

model to learn features that are transferable to a task Td requiring only fine-tuning. This is the core idea

behind the Multiple-Augmented Pre-training Scheme (MAPS).

MAPS introduces augmentations that exploit the observations of the agent to increase their variabil-

ity in the perceptual, dynamical, and semantic dimensions, in order to improve the transfer efficiency of

the learned internal model of the agent to novel, similar tasks. In order to employ MAPS to pre-train

the world-model of the agent, we construct training batches as shown in Fig. 4.5. A training batch is

constructed with multiple trajectories of the agent in the pre-training task, Tp, each with its own augmen-

tation. We follow a three-stage approach, as also shown in Algorithm 4.1: initially, we collect previously

a sequence of observations (using, for example, a random policy as shown in lines 3-5) and sample a

sequence from the replay buffer (line 11); subsequently, we augment that specific sequence with a user-

defined augmentation function (line 12); finally, we stack the multiple trajectories into a single training

batch (line 13). Note that semantic augmentations can be created by modifying the observations of the

agent in the pre-training task, but also by introducing additional similar tasks.

The use of augmentations has been explored in works like Curl [12], RAD [20] and SGI [14] for

data efficiency. However, these works focus mainly on perceptual augmentations like flips, color jitter,

translations and cutouts. MAPS differs from this research since it focuses on improving transfer efficiency
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Algorithm 4.1: Multiple-Augmented Pre-training Scheme (MAPS) pseudo-code
1 # fill the replay buffer with pre_train task samples,

2 # obtained using a random policy

3 pre_train_environments = [...]

4 for env in pre_train_environments:

5 pre_fill_with_random_agent(replay_buffer,env)

6

7 pre_train_agent = Agent()

8 for step in range(pre_training_steps):

9 batch=[] # create a new training batch

10 for i in range(batch_size):

11 task, sequence = replay_buffer.sample_task_sequence()

12 sequence = augment(sequence,task) # perform selected augmentation

13 batch+=[sequence] #create the batch

14

15 pre_train_agent.world_model.train(batch)

on learning new tasks and uses perceptual, dynamical and semantic augmentations.

For improving generalization in RL, domain randomization [7, 69, 70] methods have been proposed

to transfer learned agents from simulation to the real world. Domain randomization creates a multitude

of different tasks by randomizing the proprieties of the simulator like, the lighting settings or colors of the

objects (a perceptual augmentation), the simulator physics (a dynamical augmentation) or the number,

shape or position of objects in the scene (a semantic augmentation). MAPS extends this idea, by

proposing a novel a framework from general and useful augmentations. It learns to generalize on a

pre-training task with multiple augmentations, and then performs transfer to a new task, by re-using the

previously learned representations to learn the new task faster. It differs from domain randomization

since its fine-tuning task might have completely different goals, or certain different representations or

states not represented on the pre-training phase. Instead of just transferring successfully the policy with

few fine-tuning steps, MAPS serves to speed up the learning process, even if certain elements of the

downstream task are completely different.
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We evaluate MAPS against other standard pre-training schemes in scenarios of increasing complex-

ity, showing how our approach allows pre-trained model-based RL agents to efficiently transfer to novel,

similar tasks. We start by performing an ablation study that highlights how changes in the perceptual,

dynamical and semantic conditions affect the transfer of the components of model-based RL agents to

similar tasks. We then investigate the role of introducing perceptual and semantic variability during the

pre-training phase, showing that MAPS outperforms other standard pre-training schemes.

5.1 Experimental Setup

To fully exploit the perceptual, dynamical and semantic variability within the MAPS framework, we con-

sider two different grid-based scenarios in our evaluation:

• MicroGrid: A small-scale 5× 5 grid-world environment based on MiniGrid (Fig. 5.1a);

• MacroGrid: A larger-scale 8 × 8 grid-world environment based on MiniGrid, where the visual ob-

servations of the agents are upscaled to 64× 64 pixels (Fig. 5.1b).

Both scenarios allow for fine control over the elements of the environment (such as colors, shapes and

grid sizes), facilitating the creation of the necessary perceptual and dynamical augmentations for MAPS.

In addition, the higher-resolution MacroGrid scenario allows to exploit semantic variability by changing

the object sprites present in the environment. In both scenarios, we consider the DoorKey navigation

task, which requires that the agent obtains a key to unlock the door that allows it to reach the goal.

We instantiate the following classes of augmentations for MAPS in the grid-based scenarios:

• Perceptual (P):

– Static color changes

– Color changes on every step

– Spatial visual changes

• Dynamical (D):

– Modifications that do not change optimal policy: Random NoOp action

– Modifications that alter optimal policy: Swap actions, Random Any action

• Semantic (S):

– Image occlusions

– Swap object sprites positions (only in MacroGrid)

– Use different object sprites (only in MacroGrid)
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(a) MicroGrid. (b) MacroGrid (c) Atari

Figure 5.1: The environments employed in the evaluation of MAPS.

(a) Original MicroGrid frame. (b) Exterior noisy color swap.

(c) Horizontal image flip. (d) Random black flicker.

(e) Random NoOp action. (f) Different semantic shapes.

Figure 5.2: Augmentations employed in MAPS for the Mini-Grid environment.

We consider 5 different augmentations as modified tasks that are used throughout all experiments,

represented in Fig. 5.2. We consider two perceptual augmentations (exterior noisy color swap and hor-

izontal image flip), one dynamic augmentation (random NoOp action) and two semantic tasks (random

black flicker, MacroGrid with semantic data).

Finally, we also test the MAPS framework in the Atari game environment [48]. Inspired by the grid-

based results, we also create general augmentations applicable to any Image-based game. An Environ-

ment frame are shown in Fig. 5.1c.

We evaluate the sample-efficiency of MAPS by following the metrics presented in [71]: an algorithm

is more sample efficient than another if it reaches a higher performance in the same training window. If

the algorithms present similar asymptotic performances, then we compare the jump-start performance

and area under the curve. An example of how to interpret these metrics is present in Fig. 5.3a.

For visualizing and comparing the different areas under the curves we follow the recommendation
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(a)

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0

Example 1 Example 2 Example 3

(b)

Figure 5.3: Evaluation metrics of transfer learning performance: (a) Representative graph from Taylor et al. [71]
that shows the multiple metrics presented by the author to compare transfer learning approaches in
the same plot: jump-start, asymptotic performance, time to threshold and total reward (area under the
learning curve); (b) Example of an interval estimate of 3 different tasks with 5 runs each with stratified
bootstrap confidence intervals. The dark line represents the mean value and gray lines the seeds of the
task. The colored interval represents the estimate where 95% of the data is expected to lie. Shaded
cells are observed, white cells are estimated. Best viewed with zoom.

of [72] to perform an interval estimate via stratified bootstrap confidence intervals. However, to perform

bootstrap it is recommended to have at least 20 seeds per task [73], something that is not feasible due

to computational restraints and time limitations. Therefore, we proceed to visualize an interval estimate

using regular summary statistics. An example of how to interpret these plots is in Fig. 5.3b, where we

can assert that Example 3 has better performance than Example 1, for at least 95% of the times, and

that while we cannot affirm that Example 2 has better performance than Example 1, we can say they

have comparable performances, even though the mean of Example 2 is higher.

We also note that none of the data used in the pre-training phase, including the data generated

by the augmentations, is ever seen in the fine-tuning phase. We instantiate our pre-training scheme

considering the DreamerV2 agent [19], discussed in Section 2.3.

5.2 Ablation Study

We start by performing an initial ablation study in order to understand the general contribution of each

component of the model-based agent, to the overall transfer process, without MAPS. We pre-train the

agent in the MicroGrid scenario for 225k time steps and subsequently transfer selected components to

the same task (Tp = Td), with the remaining components having their weights randomly initialized. We

consider that the model is composed by a representation model (Ŝ), a transition model (P̂ ) and a reward

model (R̂), thus referring to the complete world model as Ŝ + P̂ + R̂.

We evaluate the sample efficiency of the transferred agents in learning a new policy in comparison

with a baseline of learning both the world model and policy from scratch, as shown in Fig. 5.4. The results
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Figure 5.4: Transfer performance of selected components of pretrained agents in MicroGrid to the same task (Tp =
Td). Results averaged over 10 randomly-seeded runs.

0 50000 100000 150000 200000

0.0

0.2

0.4

0.6

0.8

Baseline (No Transfer)

Transfer R
Transfer S + P

Transfer S + P + R

(a) Exterior noise color swap.
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(b) Horizontal image flip.
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(c) Random black flicker.
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(d) Random NoOp action.

Figure 5.5: Transfer performance of selected components of pretrained agents in MicroGrid to an augmentation
task (Tp ̸= Td). Results averaged over 10 randomly-seeded runs.

show that transferring the world model with all components (Ŝ + P̂ + R̂) offers a substantial speedup

to an agent when learning a newly initialized policy. Furthermore, transferring the reward predictor (R̂)

appear to have the biggest contribution in transfer. Our experiments show that the highest contribution

of this component comes from the good prediction of when no reward is given, where by successfully

providing a prediction of zero, it allows the agent to better explore the environment without exploiting the

noisy process of learning the sparse rewards.

On the contrary, transferring only the representation model (Ŝ) does not provide a significant con-

tribution over the baseline, only originating a positive contribution when transferred in conjunction with
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Figure 5.6: Transfer performance of fine-tuning the model-based world model, pre-trained on a baseline task, to
modified versions of the baseline with different perceptual, dynamical and semantic features

the transition model (Ŝ + P̂ ). This is due to the fact that, in the Dreamer architecture, the representa-

tion and transition models are coupled and, as such, in general the transfer process must also consider

model-specific and architecture-specific constraints.

Overall, the results show that the transfer performance of model-based agents is constrained by the

successful transfer of the representation (Ŝ + P̂ ) and reward models (R̂). We thus perform the same

ablation study in scenarios of transfer to similar tasks (Tp ̸= Td), without MAPS: we pre-train the agent

in the MicroGrid scenario for 225k time steps and subsequently transfer selected components to one of

the augmented versions of MicroGrid, discussed in Section 5.1.

We evaluate the sample efficiency of the transferred agents in learning a new policy in comparison

with a baseline of learning both the world model and policy from scratch, as shown in Fig. 5.5. The

results show, once again, that transferring the complete world model (Ŝ + P̂ + R̂) allows agents to more

efficiently learn a policy in the downstream scenario, resulting in positive transfer. However, for some

augmentations, transferring the representation model (Ŝ + P̂ ) results in a negative transfer, as seen in

Fig. 5.5a, due to the significant differences in the observations provided by the environment. This result

motivates the need to introduce variability in the pre-training phase by employing, MAPS. We also note

that in scenarios where information about the current state is often omitted, such as in Fig. 5.5d, the

baseline agent is unable to learn the task from scratch and only the agent with transferred world model

is able to adapt to this new task. This result further motivates the need for transferring the components

of pre-trained agents to novel, challenging tasks.

5.3 Pre-training of Model-based RL Agents

We propose to explore transferable perceptual, dynamical and semantic features in the pre-training of

model-based RL agents to improve the efficiency of their subsequent fine-tuning in novel downstream

tasks. A naive approach to explore this problem would be to pre-train a model-based agent on a specific

task, and then fine-tune it in a downstream task with different transferable features. However with this
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(b) Horizontal image flip.
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(c) Random black flicker.
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(d) Random NoOp action.

Figure 5.7: Transfer performance of pretrained agents in MicroGrid to an augmentation task (Tp ̸= Td). Results
averaged over 10 randomly-seeded runs.

approach, the agent can just overfit and memorize specific representations to solve the task, resulting in

the learning of features that might not be transferable to downstream tasks with different representations.

This would lead to a decrease in training efficiency and thus in a negative transfer. This phenomena can

be observed in Fig. 5.6, where we transfer the world model pre-trained on the baseline task, to different

tasks.

Therefore we introduce MAPS in the pre-training phase for a successful transfer of model-based

agents. We consider two transfer scenarios: we pre-train the agent in the MicroGrid or MacroGrid

scenario for 225k or 250k time steps, respectively, and subsequently transfer the world model to an

augmented version of the pre-trained scenario, following the augmentations in Section 5.1. We compare

the fine-tuning performance of the agents that were pre-trained with MAPS against: agents pre-trained

without MAPS and agents without pre-training (learning from scratch). Furthermore, we also compare

the MAPS approach to a meta learning, as meta learning as been successfully employed for transfer

learning. As such we employ Reptile [74], a state-of-the-art first-order algorithm, as a baseline.

For these environments, we attempt multiple augmentation settings to better ascertain how the in-

crease of pre-training variability can help transfer. We start by attempting single augmentations in per-

ceptual (P) and dynamical (D) categories, and then move on attempting to use all the available combina-

tions of augmentations like perceptual-dynamical (P+D) and perceptual-dynamical-semantic (P+D+S).
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Figure 5.8: Transfer performance of pretrained agents in MacroGrid to an augmentation task (Tp ̸= Td). Results
averaged over 10 randomly-seeded runs.

For further details on the used pre-training augmentations, we refer to Appendix B.2.

We present the results for the MicroGrid scenario in Fig. 5.7. Overall, the results show that MAPS has

a significant contribution to a positive transfer to the downstream task. This improvement is clearly seen

for the Exterior noisy color swap downstream tasks, where introducing perceptual augmentations with

MAPS during pre-training allows the agent to efficient adapt to the downstream task. The improvement

can be extended to all other augmentations, where transferring the world model pre-trained with MAPS

results either in a higher asymptotic performance or/and a better jump-start learning performance. The
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Figure 5.9: Transfer performance of pretrained agents in MacroGrid to a semantically-augmented task (Tp ̸= Td).
Results averaged over 10 randomly-seeded runs.
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(a) Space Invaders (b) Pepsi Invaders (c) Galaxian (d) Pigs in Space

Figure 5.10: Similar tasks considered for the Atari scenario: all games have the player moving in straight line,
shooting up enemies aligned in a squared grid formation.

same results are valid when comparing MAPS with Reptile, where MAPS always has a higher asymptotic

performance or/and a better jump-start learning performance.

We verify a similar trend in the results for the MacroGrid scenario, presented in Fig. 5.8. The results

show, once again, that transferring the world model pre-trained with MAPS results overall in a higher

asymptotic fine-tuning performance or/and a better jump-start fine-tuning performance. Moreover, in

the MacroGrid scenario we can also evaluate the transfer to tasks with distinct semantic features (such

as when changing the sprites of the objects in the environment). We present such results in Fig. 5.9:

only the agent that pre-trains with MAPS, considering perceptual and semantic augmentations, is able

to positively transfer to this challenging task, with a significant jump-start fine-tuning performance over

the baselines. The results also show that MAPS outperforms or has similar performance to the meta-

learning approach of Reptile, thus showing that joint-training of tasks can still be a strong alternative over

meta-learning methods. Overall, the results attest to the importance of introducing variability regarding

perceptual, dynamical and semantic features using MAPS during the pre-training phase to a positive

transfer of model-based RL agents.

5.4 Atari Games

Finally, to understand how the performance of MAPS scales to more complex scenarios, we evaluate

our approach in Atari Games [48]. In this complex scenarios we both pre-train and fine-tune all agents

up to 5M steps.

For this environment we considered general perceptual and dynamical augmentations, as shown in

Section 4.4, which can be employed in any image-based scenario, regardless of its complexity. Fur-

thermore, due to the intrinsic difficulty of creating semantic augmentations in complex scenarios, we

explore the use of similar tasks in order to exploit semantic features during the pre-training of MAPS.

Therefore, for this section, we created and use a set of general perceptual, dynamical and semantical
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Figure 5.11: Transfer performance of pretrained agents in (a) Pepsi and (b) 3 similar task to Space Invaders. Re-
sults averaged over 5 randomly-seeded runs.

augmentations for any image based environments that we refer only as MAPS. Further details on the

augmentations can be found in Appendix B.2.

We consider two different training scenarios: initially, we select Pepsi Invaders as the pre-training

task and transfer to Space Invaders, to evaluate the role of perceptual and dynamical augmentations in

the performance of MAPS, a scenario we denote by Single Task Transfer. Secondly, we select a group of

three similar games (Pepsi Invaders, Galaxian, Pigs in Space) as pre-training tasks, to exploit semantic

variability during pre-training, and transfer the agent to Space Invaders, a scenario we denote by Multiple

Task Transfer. The selected pre-training tasks share the same grid like structure of the enemies as the

fine-tuning task, as shown in Fig. 5.10.

We present our results in Fig. 5.11. In the Single Task Transfer we verify that pre-training on the sim-

ilar Pepsi task yields a positive improvement, while pre-training jointly on Multiple Task Transfer has a

negligible to negative performance over training from scratch. Using MAPS brings a significant improve-

ment over the Single Task pre-training, making it the best performing method for training the Space

Invaders tasks with 5M time-steps when compared with other publicly available results in Table 5.1.

In the Multiple Task Transfer scenario (Fig. 5.11b), the results show once again that employing MAPS

Table 5.1: Comparison of the final score at step 5M in Space Invaders.

Method 5M Avg. Score

DQN [75] 808 ± 38
C51 [76] 1035 ± 30
Rainbow [50] 1086 ± 81
IQN [51] 1602 ± 153
DreamerV2 [19] 1141 ± 295

Single Task Transfer 1393 ± 466
Single Task Transfer - MAPS (P+D) 2032 ± 774
Multiple Task Transfer 863 ± 335
Multiple Task Transfer - MAPS (P+D) 1813 ± 576

Single Task Transfer - Reptile (P+D) 1226 ± 458
Multiple Task Transfer - Reptile (P+D) 1719 ± 483
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Figure 5.12: Final transfer performance of pretrained agents against other learning algorithms (without transfer) at
step 5M on the game Space Invaders.

allows for a significant positive transfer over the baseline and over the naive pre-training approach.

Is worth mentioning that while both pre-training methods with MAPS have a high mean, both also

have a big variance in the results, as seen in Fig. 5.12. This higher variance in the performance results

also seems to be a characteristic of the DreamerV2 method. Thus, we can ascertain that our methods

using MAPS are better with a 95% CI than DQN [75], C51 [76] and Rainbow [50], while being competitive

with IQN [51] and baseline DreamerV2 [19]. On another hand, we can also conclude that learning using

Multiple Task Transfer with MAPS is significantly better than without.
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In this work, we investigated the introduction of perceptual, dynamical and semantic variability during

the pre-training of model-based RL agents for an efficient transfer of the agents to novel tasks. We

introduced the concept of similar perceptual, dynamical or semantic features between different tasks,

and created a formal framework to build augmentations that help the agent better generalize over such

features. We contributed with MAPS, a novel pre-training scheme that introduces augmentations over

the observations of the agent to take advantage of such variability. Our results show that MAPS improves

the fine-tuning efficiency of pre-trained agents to novel downstream tasks of increasing difficulty.

We started by defining the properties of the information shared between different tasks in the trans-

fer process, which we denote by transferable features. We have approached such definition through

perceptual, dynamical and semantic lenses, defining where such features arise in the architecture of

standard model-based RL approaches. Additionally, we have proposed how to leverage such features

during the pre-training phase of the agents, contributing with specific augmentations in grid-based and

Atari environments. We have provided a novel Pytorch implementation of the DreamerV2 agent that

successfully replicates the original work in the Tensorflow framework.

We have addressed the question of which components of model-based RL architectures play a fun-

damental role in the transfer procedure. Our results have shown that, while the reward component plays

a significant role, the transfer of all components are fundamental to maximize the fine-tuning perfor-

mance of the agent. We evaluated MAPS against other baselines (both with and without pre-training

and transfer) in grid-based settings, showing that MAPS outperforms the other baselines. We have

shown that employing only perceptual augmentations, as done in the majority of literature, may not

be enough for a positive transfer. Using MAPS with a complete set of perceptual, dynamical and se-

mantic augmentations was shown to be the best approach to reach a positive transfer on any similar

task. We also compared MAPS with a meta-learning approach, and shown no improvement for using

a meta-learning algorithm over the joint-training method for learning the augmentations with MAPS. Fi-

nally, we have shown that MAPS improves the learning performance of agents in Atari games scenarios,

outperforming other state-of-the-art model-free algorithms with the same number of environment steps.

With this work we make a small step towards the creation of sample-efficient agents, that can effi-

ciently re-use its knowledge, to continuously learn how to perform new tasks. Our method also made a

small step towards the concept of a general world model representation, where a single instance of an

agent pre-trained with MAPS, could be used to improve the learning performance on multiple different

MiniGrid tasks. Like with the many successes in computer vision [22–24] and natural language process-

ing [25,26], we believe that pre-training will play a major role in the development of a foundational world

model [33] that can be used as a starting point for learning any new reinforcement learning task quickly.
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6.1 Future Work

Previous work has shown the learning and transfer benefits arising from scaling up both the model

architectures and the training data [33]. Thus attempting to explore how bigger models are able to learn

more general representations, capable of obtaining positive transfers across more broad sets of tasks,

is an interesting research path. Regarding the DreamerV2 agent, using highly expressive and more

recent network architectures like ResNet [52] or image transformers [77, 78] is also a good approach.

In the same line of thought, Gato [79] builds a general agent that is trained using imitation learning on

several different tasks and games. An interesting continuation of this idea, is to try to learn a large

world model on a large amount of different reinforcement tasks, and try to see if it is possible to learn

a general world model that can learn new tasks faster. The diverse pre-training scheme introduced in

MAPS is fundamental for the goal of learning a general and flexible world-model, that can lead to a

positive transfer across various tasks.

Another approach, would be to test MAPS on different model-based algorithms or different auxil-

iary losses like contrastive learning methods. While DreamerV2 uses image reconstruction to build its

internal representations, recent works on model-based with contrastive methods like EfficientZero [80]

show to be very efficient on learning meaningful representations with very few data. Doing an analy-

sis of MAPS on this, is an interesting research path to verify which models and losses are better for

learning a good internal representation that is good for transfer learning. Related to this, it is interesting

as well to test this approach on model-free algorithms. While research methods like RAD [20] show

how augmentations can help to learn a model-free agent policy, it would be interesting to see how can

the use of augmentations help on better generalizing transfer learning to new tasks. Using model-free

algorithms pre-trained with augmentations on multiple-different tasks are also an interesting research

path, for the search of a general model-free representation model or agent. The use of a RL objective

as a single learning objective for building an internal representation is an interesting approach since it

tries to learn only the important features for solving the task, and thus if trained on many different tasks

and augmentations, it might be able to learn a general representation that is very efficient.

Another interesting research path, might be in performing an analysis on how pre-trained task policies

or pre-trained exploratory policies might further improve the transfer benefits. This research path is also

related to field of multi-task reinforcement learning.

Finally, another open possibility is to explore how MAPS with offline data can bootstrap world-model

representations to quickly learn new tasks like on the Atari 100k benchmark [11]. It could be interesting

to see how augmentations can help to build better representations on small amounts of data collected

by random or exploratory policies.
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A
Evaluation Results

A.1 Ablation Study

In Fig. A.1 and Fig. A.2 are represented the ablation results on 12 different MicroGrid tasks, with the

performance and area under the curve interval plots, respectively.

A.2 Pre-training of Model-based RL Agents

In Fig. A.3 and Fig. A.4 are represented the complete transfer performance comparison on 12 different

MicroGrid tasks, with the performance and area under the curve interval plots, respectively. Followed by

the MacroGrid results in Fig. A.5 and Fig. A.6, for MAPS with perceptual (P) or dynamical (D) augmen-

tations.
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A.3 Zero-shot reconstruction on new tasks

We also attempted to see how would a pre-trained world model behave if it received a new task that it

had not seen before. In Fig. A.7 and Fig. A.8 we explore how pre-training the world model in Single and

Multiple Task Transfer, respectively, is able to represent the Space Invaders game. As we can notice in

Fig. A.7b and Fig. A.8b, using MAPS appears to help in the reconstruction of the new unseen task.

60



0.0

0.2

0.4

0.6

0.8

1.0
wall color swap outside color swap keys color swap invert all colors

0.0

0.2

0.4

0.6

0.8

1.0
wall color swap every step outside color swap every step keys color swap every step horizontal image flip

0.0 0.5 1.0 1.5 2.0
1e5

0.0

0.2

0.4

0.6

0.8

1.0
random black flicker

0.0 0.5 1.0 1.5 2.0
1e5

enviroment actions swap

0.0 0.5 1.0 1.5 2.0
1e5

perform random noop action

0.0 0.5 1.0 1.5 2.0
1e5

perform random action

Baseline (No Transfer) Transfer S + P Transfer S Transfer R

Figure A.1: Transfer performance of selected components of pretrained agents in MicroGrid to an augmentation
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Figure A.2: Transfer performance of selected components of pretrained agents in MicroGrid to an augmentation
task (Tp ̸= Td). Results are computed with the intervals area under the curves, averaged over 10
randomly-seeded runs.
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Figure A.3: Transfer performance of pretrained agents in MicroGrid to an augmentation task (Tp ̸= Td). Results
averaged over 10 randomly-seeded runs.
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Figure A.4: Transfer interval of pretrained agents in MicroGrid to an augmentation task (Tp ̸= Td). Results are
computed with the intervals area under the curves, averaged over 10 randomly-seeded runs.
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Figure A.5: Transfer performance of pretrained agents in MacroGrid to an augmentation task (Tp ̸= Td). Results
averaged over 10 randomly-seeded runs.
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Figure A.6: Transfer interval of pretrained agents in MacroGrid to an augmentation task (Tp ̸= Td). Results are
computed with the intervals area under the curves, averaged over 10 randomly-seeded runs.
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(a) Single Task Transfer

(b) Single Task Transfer - MAPS (P+D)

Figure A.7: Zero-shot reconstruction of the world model, from Single Task Transfer without A.7a and with MAPS
PD A.7b. The top row is the original game input, the middle row is the world model reconstruction of
the game input, while the last row is the visual difference between both inputs.
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(a) Multiple Task Transfer

(b) Multiple Task Transfer - MAPS (P+D)

Figure A.8: Zero-shot reconstruction of the world model, from Multiple Task Transfer without A.8a and with MAPS
PD A.8b.
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B
MAPS Augmentations Configurations

B.1 MiniGrid

Following the augmentations available in Fig. B.1 and Fig. B.2 , we categorize them as follows:

• Perceptual (P):

– Static color changes: Figs. figs. B.1b, B.1d, B.1f and B.1h

– Color changes on every step: Figs. figs. B.1c, B.1e and B.1g

– Spatial visual changes: fig. B.1i

• Dynamical (D):

– Modifications that do not change optimal policy: fig. B.1k

– Modifications that alter optimal policy: figs. B.1l and B.1m

• Semantic (S):

– Image occlusions: fig. B.1j
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– Swap object sprites positions (only in MacroGrid): fig. B.2b

– Use different object sprites (only in MacroGrid): fig. B.2c

B.2 Atari

For the Atari experiments we use the following augmentations available in Fig. B.3:

• Perceptual (P): figs. B.3b to B.3e

• Dynamical (D): fig. B.3f

• Semantic (S): fig. B.3g
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(a) Original MicroGrid frame

(b) Exterior color swap (c) Exterior noisy color swap

(d) Wall color swap (e) Wall noisy color swap

(f) Keys color swap (g) Keys noisy color swap

(h) Invert image colors (i) Horizontal image flip

(j) Random black flicker (k) Random NOOP action

(l) Swap environment actions (m) Random ANY action

Figure B.1: Created augmentations for the MicroGrid environment: b-i) perceptual augmentations; k-m) dynamic
augmentations; j) semantic augmentation.
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(a) Original MacroGrid with semantics frame

(b) Swap semantic shapes (c) Different semantic shapes

Figure B.2: Created augmentations for the MacroGrid environment: o-p) semantic augmentations.

(a) Original Atari frames

(b) Inverted color (c) Horizontal Flip

(d) Fast color jitter (e) Fast color jitter (equal on sequence)

(f) Random repeat frames (g) Random black flicker

Figure B.3: Created augmentations for the Atari environment, used in MAPS: b-e) perceptual augmentations; f)
dynamic augmentation; g) semantic augmentation.
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C
Implementation Details

C.1 Code Replication

In this work, we re-implement the original DreamerV2 [19] Tensorflow implementation in Pytorch. To

make sure, that our replication works as close as possible to the original implementation, we made

multiple unit and integration tests between the two frameworks. Not only that but we also used the same

code structure from the original implementation, to ensure we use the same algorithmic choices. The

success of the replication is verified in Fig. C.1.

C.2 Hyperparameters

In this section we describe in Table C.1 the base hyperameters used in this work. For the Atari task,

we use the same hyperparameters as in the original DreamerV2 [19] paper, with the exception of the

replay buffer size that was reduced from 2e6 to 2e5, due to unavailable computational resources. For

the MiniGrid environment [27], we describe the changed the hyperparameters from the Atari task in

Table C.2.
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Table C.1: Hyperparameters used in DreamerV2

Name Value

replay size 2e5
batch size 50
batch sequence size 50
kl balance 0.8
train agent every 16 steps
image input size [64, 64]
clip rewards tanh
prefill 5e4 steps
discount 0.999
weight initialization Glorot Uniform [81]

Optimizer details

optimizer Adam [82]
optimizer epsilon 1e− 5
weight decay 1e− 2
gradient clip 100
model lr 2e− 4
actor lr 4e− 5
critic lr 1e− 4
actor entropy 1e− 3
kl loss scale 0.1
discount loss scales 5.0
reward loss scale 1
image loss scale 1

Architecture details

RSSM hidden layers 600
RSSM deter 600
RSSM stoch 32
RSSM discrete 32
encoder layer type Convolution
encoder depth 48
encoder activation function elu
encoder kernels [4, 4, 4, 4]
decoder layer type Convolution
decoder depth 48
decoder activation function elu
decoder kernels [5, 5, 6, 6]
other heads layers 4
other heads units 400
other heads activation function elu

Table C.2: Hypeparameters changes from Table C.1 used for MiniGrid environments

Name Value

prefill 5e3
train every 10 steps
discount 0.99
kl loss scale 1
actor entropy 3e− 3

MicroGrid only differences

encoder layer type Fully Connected
encoder layers 1
encoder units 50
decoder layer type Fully Connected
decoder layers 1
decoder units 100
other heads layers 1
other heads units 100
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Figure C.1: Comparison of the Space Invaders Atari game learning performance over our implementation (Pytorch)
vs the original implementation (Tensorflow). Results averaged over 5 randomly-seeded runs.

For more algorithmic details and parameters, the code is available at https://github.com/esteveste/dreamerV2-

pytorch

C.3 Model Architecture

For better comprehension of the model architecture, we also provide figures describe the parameters

and layers of the original Dreamer agent. Following the Fig. 2.6, here we present the details of the

encoder (Fig. C.2), the posterior (Fig. C.4), the recurrent model (Fig. C.5), the prior (Fig. C.6), the

decoder (Fig. C.3) and, finally, the details of the reward, discount, actor and critic heads (Fig. C.7). In

this work, we use this model architecture and hyperparameters for the MacroGrid and Atari Tasks. For

the MicroGrid, we use a smaller model with less parameters described in Table C.1, where the major

architecture differences are described in Fig. C.8.
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Figure C.2: Dreamer encoder architecture

Figure C.3: Dreamer decoder architecture

Figure C.4: Dreamer posterior architecture
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Figure C.5: Dreamer recurrent model architecture

Figure C.6: Dreamer prior architecture
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Figure C.7: DreamerV2 network architecture descriptions used for the reward, discount, actor and critic heads

(a) Small encoder (b) Small decoder

(c) Small reward, discount, acto and critic heads

Figure C.8: DreamerV2 small network architecture differences, used for MicroGrid tasks
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