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Abstract 

This paper explores the crucial role of embodiment in learn- 
ing representations for space topology in robotics. Embodi- 
ment, the ability of an agent to interact with its environment 
and receive sensory feedback, is fundamental to developing 
accurate and efficient representations. In this work, we inves- 
tigate this by applying an action-conditional prediction algo- 
rithm to data collected from a simulated environment, aiming 
to learn the topology of the environment through sequences 
of random interactions. Using a simple mobile-robot-like sce- 
nario, by leveraging sensory-motor interactions we demon- 
strate how the agent can discover the topology of its envi- 
ronment. Our results demonstrate the importance of embodi- 
ment in the development of representations and potential ap- 
plicability in robotic tasks, and a simple but effective method 
of integrating actions into a learning loop. We suggest that 
building abstract representations through the use of action- 
conditional prediction is a step towards unification of the rep- 
resentations used in robotics. 

 
Introduction 

The main distinction between learning representations for 
robotics and the majority of other machine learning domains 
is the presence of embodiment. In most machine learn- 
ing domains, representation learning is performed on static 
data, neglecting the dynamic nature of real-world interac- 
tions. The presence of embodiment, the ability to actively 
engage with the environment and receive feedback, presents 
a unique challenge and an opportunity to develop useful and 
efficient representations for robotics. We aim to highlight the 
role of action information as a strong informational signal 
that should be leveraged when learning representations. 

This paper explores the importance of embodiment for de- 
veloping representations that can accurately describe the en- 
vironment and be subsequently used for robotic tasks. We 
illustrate this idea by applying a simple action-conditional 
prediction representation learning algorithm to a set of data 
collected in a simulated environment to learn the environ- 
ment topology from sequences of random interactions with 
the environment. When discussing the topology of an envi- 
ronment, we are refer to a property that describes, how dif- 
ferent parts of the environment are connected or related to 
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each other. This includes the overall structure of the envi- 
ronment in terms of connectivity and adjacency and is espe- 
cially relevant to building unified representations of abstract 
state spaces, where the exact measures could be difficult to 
establish. 

In robotics, a wide variety of definitions of embodiment 
exist, ranging from basic ones (such as the ability to move) 
to the requirement of real-time sensing in all the body ele- 
ments (Wilson 2002). In this paper, we intentionally define 
embodiment in a very loose form: the agent can move in a 
continuous space, where a few simple principles of physical 
space hold, and it has a first-person view. While the actual 
environments used in the experiments are based on a simu- 
lation, we consider a mobile-robot-like scenario. Our results 
demonstrate how the accurate topology of the environment 
can be discovered by leveraging sensory-motor interaction 
patterns between the agent and the environment, even when 
the observation spaces are identical. 

Embodied Representations 
Embodiment refers to the concept that intelligence arises not 
just from the brain or an abstract mind, but through the in- 
tricate interactions between a physical body and its environ- 
ment. While the debate about the role of embodiment, as a 
building block, or even requirement for the emergence of in- 
telligence (for example, as argued by (Scheier and Pfeifer 
1999)) is still ongoing, growing evidence supports the sig- 
nificant role of embodiment in cognition and intelligence. 
This perspective on embodiment highlights that a body (nat- 
ural or mechanical) equipped with sensors and actuators, and 
its engagement with the surrounding context, play a key role 
in shaping the representations, internal models, and cogni- 
tive strategies that are learned. 

The relationship between the agent’s ability to act and 
observe the consequences of its action is considered a key 
building block for emerging intelligence within the pre- 
dictive coding paradigm (Huang and Rao 2011), and re- 
lated theories, such as free energy principle (Friston 2010; 
Schro¨dinger 1944) and sensory-motor contingency theory 
(Degenaar and O’Regan 2015). These theories emphasize 
that the physical embodiment of an agent —its ability to take 
actions in an environment and receive sensory feedback as a 
consequence of those actions — is foundational to its cogni- 
tive processes. This perspective asserts that an agent’s intel- 

AAAI Fall Symposium Series (FSS-24)

353

mailto:oksana.hagen@plymouth.ac.uk
mailto:swen.gaudl@gu.se
http://www.aaai.org/


ligence emerges through the continuous cycle of action and 
perception, highlighting the indispensable role of the em- 
bodiment in the emergence of intelligent behaviour. 

Even in this weak sense of using actions to build repre- 
sentations, current state-of-the-art AI models are, at large, 
not embodied. Large language models (Brown et al. 2020) 
and diffusion models (Ho, Jain, and Abbeel 2020; Yang et al. 
2023) are trained on large-scale datasets that are static in na- 
ture. This removes a crucial signal that could improve learn- 
ing and leads to, among other things, problems with rea- 
soning, that become apparent in, for example, video genera- 
tion tasks, and further highlights the importance of integrat- 
ing motor information into learning representations (Paolo, 
Gonzalez-Billandon, and Ke´gl 2024). 

In the intersection of robotics and machine learning com- 
munities, efforts are made towards integrating embodied in- 
formation into the learning loop (Firoozi et al. 2023). In 
general, however, there is no consensus on the integration 
of actions into representation learning for robotics. When 
learning geometric physical spaces surrounding the robot, 
the state-of-the-art methods include simultaneous localisa- 
tion and mapping (SLAM), where the agent builds a geo- 
metric map of the environment by integrating its sensor mea- 
surements and motor information (Placed et al. 2023). This 
is a good example of using embodied information for build- 
ing representations. Similarly, robotic priors (Jonschkowski 
and Brock 2015) enable the agent to learn the structure of the 
environment by using prior knowledge about the basic phys- 
ical properties of the environment. In both cases, reliance 
on the prior information naturally limits the adaptability of 
these methods to different domains and sensory modalities, 
as the prior knowledge depends heavily on the context. 

In contrast, the learning algorithm used in this work is 
designed to be as generic as possible, incorporating mini- 
mal prior information about the environment. This ensures 
its potential applicability beyond the simple environment 
proposed. This approach shares similarities with commonly 
used methods for learning state spaces in reinforcement 
learning, such as Ha and Schmidhuber (2018) or Barreto 
et al. (2017), which are designed to be general and indepen- 
dent of specific sensory inputs or assumptions about the en- 
vironment. The system presented here is meant to facilitate 
a further discussion on how embodiment can be effectively 
used for building unified representations. 

Experimental Environments 
To demonstrate the importance of embodiment for learning 
representations, we propose three environments, see fig.1. 
They are based on the Flatland simulation (Caselles-Dupre´ 
et al. 2018) that features continuous space and first-person 
view and was developed for quick and efficient prototyp- 
ing of learning algorithms with the view of further apply- 
ing them to robotic tasks, while simplifying the observation 
space and reducing computational overhead, by using one- 
dimensional observations. (inspired by Jonschkowski and 
Brock (2015)). The second one (fig.1b) has a wall that cuts 
the environment into two rooms, connected by a passage in 
the centre. The last environment (fig.1c) has the same shape 
as the second, but the wall is transparent and not visible to 
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Figure 1: The environments used in the demonstration: a - 
simple room, b - room with a wall and a passage, c - room 
with an invisible wall. The agent can move around by either 
moving forward or rotating left or right at every time step. 
The rotation speed is within (−π/2, π/2) and the speed is 
bounded by (0, 10) pixel units. 

 
 

the agent, so the observation space O(t) is identical to the 
environment in fig.1a. We will refer to it as an invisible wall 
environment. 

There are two distinct topologies: an open square space, 
represented by the simple environment, and a more complex 
two-room space, represented by the wall and invisible wall 
environments. Additionally, there are two different observa- 
tion spaces: one with four walls in four primary colours, in 
the simple and invisible wall environments, and another with 
a randomly chosen set of eight colours, present in the wall 
environment. The invisible wall shares the observation space 
with the simple environment and topology with the wall en- 
vironment. 

We included the environment with an invisible wall to il- 
lustrate the importance of including motor information in 
the learning loop. The invisible wall environment’s sensory 
space is identical to the simple environment, but its shape is 
the same as the wall environment. Hence, the only way the 
agent may discover the environment topology is by observ- 
ing different sensory-motor dynamics. As the observations 
of both simple and invisible wall environments are identi- 
cal, the difference in the resulting learned state space be- 
tween the two can be attributed to the agent discovering the 
invisible wall through interaction. Similarly, despite differ- 
ent observations of the wall and invisible wall environments, 
similarities between the resulting observation spaces would 
indicate that the agent has managed to accurately extract the 
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structure of these environments. 
On each discrete time-step, t the agent can either 

move forward for up to 10 pixel units or rotate within 
(−π/2, π/2), thus producing a 2-dimensional vector at. The 
dimension of the space is 200×200 pixels. The field of view 
of the agent is set to π/2, meaning that it operates under 
the conditions of partial observability. Fig.3 shows examples 
of observations that the agent receives in all three environ- 
ments. 

Representation Learning Architecture and 
Training Procedure 

In line with the concept of interaction between motor and 
sensory information, the proposed architecture employs a 
predictive learning objective, essentially building a version 
of a forward model. Forward model is a system used by the 
agent to predict the future state of its environment based 
on its current state and actions (Wolpert, Ghahramani, and 
Jordan 1995; Lesort et al. 2018). implementing a version 
of a forward model by setting up a predictive objective for 
self-supervised learning of representations is an established 
method. For example, such prominent concepts as succes- 
sor representations (Dayan 1993; Kulkarni et al. 2016) and 
World Models (Ha and Schmidhuber 2018) use a predictive 
objective for learning. Moreover, in (Watter et al. 2015; Ku- 
lak and Garcia Ortiz 2018; Recanatesi et al. 2021) prediction 
is used to build latent spaces, similarly to our experiment. 

In our case, the model receives a sequence of observations 
and actions (processed sequentially using an RNN) and is 
trained to predict the final observation in the sequence. The 
difference between the predicted and actual observation gen- 
erates an error signal, which is used to update the model. 
By learning to predict future sensory inputs based on the 
agent’s actions, the model develops representations that are 
closely aligned with the environment’s dynamics. This pre- 
dictive learning approach is particularly effective in robotics, 
where an agent’s actions directly impact its sensory feed- 
back. While our experiments focus on visual data, the same 
principle could, in principle, be extended to other sensory 
modalities, making the approach broadly applicable. 

We use a simple version of predictive architecture, 
based on end-to-end training of a convolutional encoder- 
decoder pair and an LSTM, as outlined in fig.2. More 
formally, let’s consider a sequence of observations O = 
(o1, o2, ..on−1, on) and the corresponding sequence of mo- 
tor commands A = (a1,2, x2,3, .., an−1,l), where n is the 
length of the sequence, and each step represents a discrete 
time interval. Then we assign the last observation ol to be 
the target real observation, and the rest of the sequence 
(o1, o2, .., on−1) is used to derive the estimation oˆn. 

As shown in fig.2, each observation oi is processed using 
a convolutional encoder and compressed to a 3-dimensional 
vector, which is then concatenated with the 2-dimensional 
ai. This concatenated vector is fed into LSTM cell (Hochre- 
iter and Schmidhuber 1997). The hidden 3-dimensional state 
of the LSTM cell is then propagated to the next time step. 
The final 3-dimensional state z is obtained after processing 
(n − 1) observation-action pairs. This state is then fed into a 

 

 
 

Figure 2: The architecture of the state representation learn- 
ing model. The input consists of pairs of (ot, at). The vi- 
sual RGB input (3 × 256) is compressed into 3-dimensional 
vector using an encoder, implemented using Conv1D based 
decoder. The resulting compressed representations is con- 
catenated with at and used as an input into LSTM cell. Af- 
ter repeating this process n = 15 times, the final output of 
LSTM z is decoded using an equivalent Deconv1D-decoder 
back into RGB vector (3 × 256) oˆn and compared to the true 
value of the last observation on. The resulting MSE is back- 
propagated thought the network. 

 
 

 
deconvolutional decoder that recovers the visual information 
from the 3-dimensional state z into an estimated observation 
oˆn. A 3-dimensional information bottleneck is deliberately 
chosen for its easy visual representation and interpretability, 
and as it is the minimal number of necessary dimensions to 
describe the agent’s position in the space (x, y, θ). This al- 
lows us to inspect the representation space directly without 
any additional processing. Such limitation of course is not 
appropriate for most practical applications, and the bottle- 
neck has to be significantly relaxed if the representation is 
to include any other information aside from the (x, y, θ). 

During training the mean-square error (MSE) of oˆn and 
on is calculated and propagated through the gradients of the 
weights through the system. During testing, only the state 
estimation is used, up to where the z state value is estimated. 

The data for the training and validation were collected 
separately on each of the three environments as a series 
of observation sequences obtained by random actions over 
10,000 time steps. The agent can move around by either 
moving forward or rotating left or right at every time step. 
The rotation speed is within (−π/2, π/2) and the speed is 
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Results and Discussion 
 
 
 
 
 
 
 

(a) 
 

(b) 
 

(c) 

Figure 3: The last three observations in the three example 
testing sequences (on−2, on−1, on) together with the pre- 
dicted oˆn. In all cases, the estimated oˆn resembles the real 
observation on closely, just as a more blurred version, which 
demonstrates that the model is capable of predicting the next 
observation. 

 
 

 
bounded by (0, 10) pixel units. The data was split into two 
parts, with (2:1) split between training and validation data. 
A separate model was trained for each environment using 
the same procedure. 

 
Fig.3 demonstrates the last observations in a few random 

validation n-step sequences, the last on used as a training 
signal, and the observation oˆn estimated by the network. In 
all cases, the estimated oˆn resembles the real observation 
on, as a more blurred version, which demonstrates that the 
model is capable of predicting the next observation. In the 
case of the wall environment (fig.3b), the prediction is no- 
tably worse than its counterparts from the other two envi- 
ronments. Most likely, this is the result of a more complex 
observation space compared to the other two environments, 
resulting in the small neural network used for both the en- 
coder and the decoder reaching its representational capacity. 

The visualization of state space Z is shown in fig.4: (a) sim- 
ple, (b) wall and (c) invisible wall. To obtain these point 
clouds, random sequences of samples from the validation 
set were processed with the representation learning architec- 
ture to obtain the 3-dimensional representation z, which de- 
scribes the state of the agent at the time. For illustration pur- 
poses, the point clouds in the fig.4 are shown in the colours 
that correspond to the ground truth position of the agent: 
(x, y, θ) ( x - right, θ - left and y - bottom graph). State 
space point clouds show a high level of structure with re- 
spect to the ground truth position of the agent. Units of the 
graphs are abstract representations of space units and do not 
have a semantic meaning. 

Notice the similarity between the wall environment and 
the invisible wall environment point clouds. We can see that 
clouds generated by the representation spaces of invisible 
wall and wall are similar. On the other hand, while the ob- 
servation spaces are similar in both simple and invisible wall 
cases, the resulting topologies are different; the simple en- 
vironment generates an almost flat rectangular point cloud, 
but both wall and invisible wall environments’ representa- 
tions result in a crescent-shaped point cloud. 

Hence, by integrating sequences of sensory-motor data, 
the system is able to discover accurate topology of the space, 
even despite similarities in the observations. This highlights 
the important role of embodiment for learning representa- 
tions, since even such a weak form of embodiment as inte- 
grating actions into the learning loop was integral to identi- 
fying the topology of the environment. 

We would like to highlight that in our case, there are two 
different sources of embodied signal present in the data: 
(1) the interaction between the observations and actions and 
(2) the observation sequences pattern itself, as none of the 
trajectories cross the wall. Most likely, both of those two 
aspects contribute to the outcome of the learning process. 
However, we argue, that actions take a prominent role as 
they enable the system to estimate predictions and, conse- 
quently, uncover the dynamics of the environment. 

It is important to note that our example shows a basic form 
of embodiment and one could argue that the data was still 
”static” in nature - obtained separately from building the rep- 
resentation itself - thus lacking true interactivity. Our goal, 
however, is to show that even in this very redacted form it is 
an invaluable source of information, that should be consid- 
ered very closely when building robotic representations. The 
proposed predictive architecture is one way, in which motor 
information could be integrated, along with all the sensory 
information. 

Since the proposed architecture is rather generic, it could 
be, in principle, applied to different domains and sensory 
modalities, although confirming its efficacy would be a sub- 
ject for future work. In general, the usage of a sensory-motor 
stream of data and predictive objectives is applicable to any 
sensory domain — be it auditory, tactile, or even multi- 
modal. 
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(a) 
 

(b) 
 

(c) 

Figure 4: The visualization of the state space Z for the the three environments: (a) simple, (b) wall and (c) invisible wall. 
Colours correspond to the ground truth of the position of the agent (x, y, θ). Both of the environments with the wall feature 
some curvature but also have the same gradient distribution. Units of the graphs are abstract representations of space units and 
do not have a semantic meaning, and cannot be compared. Note the similarities between (b) and (c) spaces. 

 

Conclusions 
The results from our simulated environments reveal that 
the agent’s ability to interact with and perceive the conse- 
quences of its actions is crucial for developing representa- 
tions that align with the actual environment structure. This 
highlights the importance of considering embodiment in 
the design of representation learning algorithms for robotic 
learning tasks. 

This work serves as a reminder that actions should be 
a central component of the loop when learning representa- 
tions, particularly in robotics. The strong informational sig- 
nal provided by actions is too valuable to be overlooked, as 
it allows for the development of more accurate and useful 
representations. Our results demonstrate the efficacy of this 
approach using a predictive objective. 

From the perspective of unification of representations for 
the use of robotics, the use of action-conditional predic- 
tion in an abstract space allows for integrating signals from 

different sensory modalities. We hope this work encour- 
ages further exploration into different ways of including the 
unique and valuable property of embodiment we have in 
robotics in the development of intelligent systems. 
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