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Abstract—While reinforcement learning has achieved considerable successes in recent years, state-of-the-art models are often
still limited by the size of state and action spaces. Model-free
reinforcement learning approaches use some form of state representations and the latest work has explored embedding techniques
for actions, both with the aim of achieving better generalisation
and applicability. However, these approaches consider only states
or actions, ignoring the interaction between them when generating embedded representations. In this work, we propose a new
approach for jointly embedding states and actions that combines
aspects of model-free and model-based reinforcement learning.
We use a model of the environment to obtain embeddings for
states and actions and present an algorithm that uses these to
learn a policy. The embedded representations obtained through
our approach enable better generalisation over both states and
actions by capturing similarities in embedding space and thereby
improving convergence speed. The efficacy of our approach is
evaluated on a small grid world as an initial example. For future
work we plan to apply this methodology to SDC – a domain that
tends to suffer from state-action space explosion.
Index Terms—reinforcement learning, embedding, representation learning, machine learning

I. I NTRODUCTION
Reinforcement learning (RL) has been successfully applied
to a wide range of tasks, including game-based scenarios [1].
However, the application of RL in other domains, such as SDC
control, is often hindered by their large state and action spaces.
The field of RL can be broadly categorised into model-free
and model-based algorithms. Model-free approaches construct
a policy directly from interaction with the environment, while
model-based algorithms learn a model of the environment
and then use it for planning. We propose to combine both
approaches by learning a model of the environment, which is
consequently used to generate state and action representations
to be used in a model-free algorithm. While some form of
state encoding as well as embedding techniques have been
integrated with RL models in previous work, these either
neglect states or actions or use an explicit model to encode
one of the two. We propose the use of an environment model
to jointly embed states and actions and thereby capture the
dependencies between them.
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II. BACKGROUND
We consider problems that can be expressed as a discretetime Markov decision process (MDP), defined by a tuple
(S, A, P, R, γ). S and A are the sets of all possible states
and actions, referred to as the state space and action space, respectively. The state, action and reward at time t is denoted by
st ∈ S, at ∈ A and rt ∈ [Rmin , Rmax ]. γ denotes the reward
discounting parameter and P is the state transition function,
defined as ∀st , st , st+1 , t, P (st , at , st+1 ) := P (st+1 |st , at ). A
policy is a distribution over all actions for each state, such
that π : A × S 7→ [0, 1]. The goal of RL is to find an optimal
policy π ∗ that maximises the expected sum of discounted
future rewards for a given environment. An optimal policy
is any policy in the set
of all possible policies Π that satisfies
P∞
π ∗ ∈ arg maxπ∈Π E[ t=0 γ t rt |π].
III. R ELATED W ORK
The idea of embeddings originates from natural language
processing, where using the context of a word to generate
an embedded representation is a common procedure. In [2],
a two-layer neural network is trained to predict a word’s
context and the weights of the first layer of the network
are consequently used as the embedded representation of the
words in the corpus. Several pieces of literature have applied
the idea of embeddings in a RL context. [3] and [4] train action
embedding models similar to the CGRAM model proposed
in [5]. They then combine the obtained embeddings with
policy gradient and Q-learning agents. [6] use a model of the
environment to obtain an abstract representation of the state
that captures some of the dynamics of the environment. This
abstract state is then used in a model-free Q-learning agent. In
contrast to previous work, we consider both state and action in
our proposed embedding model and couple this with a policy
gradient-based agent.
IV. J OINT S TATE AND ACTION E MBEDDINGS
Our proposed algorithm consists of two models that are
trained separately. The first component is a model of the
environment (Figure 1), trained to predict the next state St+1 ,
given the current state and action, St and At . The environment
model can be used for discrete as well as continuous states.
For discrete states, we use a softmax output activation and
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Fig. 1: Architecture of the embeddingFig. 2: Architecture of the combinedFig. 3: Performance of our approach
model.
embedding and policy model.
compared to a PPO baseline model.

train the model to minimise the negative log likelihood. For
discrete states and actions, the weights of the first two layers
of the environment model are used as the state and action
embeddings respectively. Continuous states or actions are
embedded via a forward pass. In the case of continuous states,
the embedding model can be trained to minimise a mean
sqaured error loss.
The second component can be any policy gradient based
RL algorithm. The policy network takes the embedded state
representation as an input and outputs a point in the action
embedding space. This is illustrated in Figure 2. In order to
map this point in embedding space to an executable action,
another function f (e) is required. For discrete action spaces,
a simple nearest neighbour approach can be used. Otherwise,
in the case of continuous action spaces, f can be parameterised
by a function approximator.
V. E XPERIMENTS
As a proof-of-concept, we evaluate the proposed methodology in a simple grid world, given in Figure 4.
The agent starts in
the bottom-left corner and has to reach
a goal state (blue)
that leads to a reward of 1. The agent
also receives a small
penalty of −0.01 for
each step and a collision penalty of −0.05
for hitting the walls
Fig. 4: Grid world environment.
(shown in gray in Figure 4) or trying to
leave the grid. The underlying state is a continuous coordinate,
which is discretised in a 40 by 40 grid and represented as
a one-hot encoding of the position in the grid. Actions are
defined by actuators, i.e. displacement vectors that move the
agent into a certain direction, with each action being a combination of actuators. Hence, 4 actuators result in 24 actions. For
the experiments, we use proximal policy optimisation (PPO) to
learn the policy and compare the performance with and without embedding states and actions. We evaluate the convergence
speed and performance in the same grid world, using different

numbers of actuators. For this experiment, we pre-train the
embedding module using 20,000 randomly collected samples
and keep the embeddings fixed thereafter. The results using
embeddings (denoted by Emb.) shown in Figure 3 demonstrate
the significant improvements in convergence speed that can be
achieved with our approach, especially for large action spaces.
VI. D ISCUSSION
We present a new approach for jointly embedding states
and actions that can be readily combined with model-free RL
algorithms. We demonstrate superior performance, which is
the result of better generalisation across states and actions
and a reduced dimensionality of their representations, on an
exemplary grid world environment.
While we evaluate our approach on a simple experiment, the
presented architecture is general. For instance, SDC control
would be a suitable testing ground for our methodology as it
tends to involve large state-action spaces and is therefore likely
to benefit. We plan to study the application to this scenario in
future work.
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