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Abstract. Humans perceive and interact with hundreds of objects every
day. In doing so, they need to employ mental models of these objects and
often exploit symmetries in the object’s shape and appearance in order
to learn generalizable and transferable skills. Active inference is a first
principles approach to understanding and modeling sentient agents. It
states that agents entertain a generative model of their environment,
and learn and act by minimizing an upper bound on their surprisal, i.e.
their Free Energy. The Free Energy decomposes into an accuracy and
complexity term, meaning that agents favor the least complex model,
that can accurately explain their sensory observations.
In this paper, we investigate how inherent symmetries of particular ob-
jects also emerge as symmetries in the latent state space of the genera-
tive model learnt under deep active inference. In particular, we focus on
object-centric representations, which are trained from pixels to predict
novel object views as the agent moves its viewpoint. First, we investigate
the relation between model complexity and symmetry exploitation in the
state space. Second, we do a principal component analysis to demonstrate
how the model encodes the principal axis of symmetry of the object in
the latent space. Finally, we also demonstrate how more symmetrical
representations can be exploited for better generalization in the context
of manipulation.

Keywords: Active Inference · Representation Learning · Symmetries ·
Deep Learning

1 Introduction

Humans perceive and interact with hundreds of objects every day. In doing so,
they need to develop mental models of these objects, which represent the object
shape, color, affordances, etc. From early infancy, toddlers learn this by actively
engaging with objects, which makes that they effectively mainly sample the
world with close-up observations of objects in center view, often holding and
manipulating the object in their hands [22,21].

When representing objects in our mind, we often generate simpler representa-
tions than their real-world observations. These representations often exploit the
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Fig. 1: In the brain concept can be represented with different levels of complexity
by exploiting different levels of symmetry.

various symmetries that are ubiquitous in real-world objects. For example, if we
are asked to quickly sketch a tree or a face we would end up drawing something
really similar to the ones presented at the left of Figure 1. Intuitively, this shows
how more symmetries arise in the representation as it becomes less complex.

Active inference is a first principles approach to understanding and modeling
sentient agents [7]. It states that agents entertain a generative model of their
environment, and learn and act by minimizing an upper bound on their sur-
prisal, i.e. their Free Energy [8]. Free Energy decomposes into an accuracy and
complexity term, meaning that agents favor the least complex model, that can
accurately explain their sensory observations.

Recently, deep active inference models have been proposed, which parame-
terize the generative model using deep neural networks and learn the state space
structure using stochastic gradient descent on the variational free energy loss
function [30,18]. In this paper, we investigate if symmetries also emerge in the
latent state space of the generative model learnt under deep active inference and
whether this is related to lower complexity in the Free Energy. In particular, we
focus on object-centric representations, which are trained from pixels to predict
novel object views as the agent moves its viewpoint [17].

In summary, we will zoom in on the following aspects:

1. We investigate the relation between model complexity and symmetry ex-
ploitation in the state space, by quantifying and comparing both on different
object-centric models.

2. We do a principal component analysis to demonstrate how the model encodes
the principal axis of symmetry of the object in the latent space.

3. We demonstrate how more symmetrical representations can be exploited for
better generalization of action selection in the context of manipulation.

In doing so, we will first formally define the concept of symmetries using group
theory in Section 2. Next in Section 3, we summarize active inference, variational
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Free Energy, and how this decomposes into model complexity and accuracy.
Section 4 then presents the object-centric deep active inference setup used in
this paper, after which we address the aforementioned items in the experiments
in Section 5. Finally, we end with a discussion in Section 6, and conclusion in
Section 7.

2 What is symmetry?

Symmetries are a set of transformations that, when applied to an object, render
the object invariant. Mathematically, this can be formalized using group the-
ory [3,13]. A group G is defined as a set equipped with a composition operation
G × G → G, i.e. “·”, that, given two elements g1 and g2 of the set, produces a
third element of the set g3:

(g1, g2)→ g1 · g2 = g3, (1)

g1, g2, g3 ∈ G

given that:

1. g1 · g2 is an associative operation
2. there exist an identity element e ∈ G such that e · g = g, ∀g ∈ G
3. for any g ∈ G there exist a g−1 ∈ G such that g · g−1 = g−1 · g = e

Given a group G and a set of objects X, a group action of G on X is a
mapping G×X → X, i.e. an action g of G on x1 of X produces an element x2
of the set X:

(g, x1)→ g · x1 = x2 (2)

x1, x2 ∈ X

such that:

1. g · x1 is an associative operation
2. there exist an identity element e ∈ G such that e · x = x, ∀x ∈ X

We can now define the concept of an invariant map. Given again a group G
that acts on a set X, if F : X → Y is a map between sets X and Y , F is invariant
if F (g · x) = F (x),∀(g, x) ∈ G×X. If X is invariant under such a mapping, the
mapping is a symmetry of X. The group of all transformations under which the
object X is invariant is called the symmetry group of X.

For example, the set of rotations of 0◦, +90◦ and -90◦ forms a group and can
be applied to a set of 2D shapes, which is then the group action. Consider X to
be the set of all square shapes, then these rotations are symmetries, but not for
the set of triangles.



4 S. Ferraro et al.

In addition to invariance, we can also define equivariance. Given a group
G acting on both spaces X and Y and given a map H : X → Y , X is to be
considered equivariant if for any g ∈ G and any x ∈ X we have H(g·x) = g·H(x).
Simply put it does not matter the order we apply our group transformations. If
we consider now an equivariant map H and an invariant map F , then we will
have F (H(g ·x)) = F ((g ·H(x))) = F (H(x)) that is again an invariant mapping.

3 Symmetry and Complexity in Active Inference

Active inference provides a framework to describe the behavior of sentient agents
acting in a dynamic environment. This theory postulates that a sentient agent
entails a generative model of the environment, and the agent acts in the environ-
ment with the imperative of minimizing an upper bound on surprisal, i.e. free
energy [8].

The generative model comprises the joint probability P (o0:T , a0:T−1, s0:T )
over sequences of observations o0:T , actions a0:T−1 and hidden or latent state
s0:T over some time horizon T . Modeling this as a partially observable Markov
decision process (POMDP) as depicted in Figure 2.b, this joint probability can
be factorized as:

P (o0:T , a0:T−1, s0:T ) = P (s0)P (o0|s0)

T∏
t=1

P (at−1)P (st|st−1, at−1)︸ ︷︷ ︸
Transition model

P (ot|st)︸ ︷︷ ︸
Likelihood model

In order to infer beliefs about the hidden state variables, an active agent needs
to calculate a posterior belief provided an observation ot, which is in general in-
tractable. To solve this problem the agent resorts to variational inference, which
approximates the true posterior P (st|ot) with an approximate posterior distri-
bution Q(st|ot). The objective is then to maximize the evidence lower bound
(ELBO) [15], or equivalently, to minimize variational Free Energy [8]:

F =
∑
t

− logP (ot)︸ ︷︷ ︸
Evidence

+DKL[Q(st|ot)||P (st|ot, st−1, at−1)]︸ ︷︷ ︸
Divergence

=
∑
t

DKL[Q(st|ot)||P (st|st−1, at−1)]︸ ︷︷ ︸
Complexity

−EQ(st|ot)[logP (ot|st)]︸ ︷︷ ︸
Accuracy

(3)

Here, the first line shows that F is indeed an upper bound on the (negative)
log evidence, bounded by the KL divergence between the approximate and the
true posterior. The second line rewrites the variational Free Energy as a com-
plexity term and an accuracy term. Here, the complexity term is the divergence
between the variational density (i.e. posterior belief) and prior beliefs about hid-
den states. In other words, the agent prefers the least complex model that yields
accurate explanations.
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In active inference, agents minimize Free Energy either by updating their
internal model or by acting on the environment. Actions are selected which
are expected to reduce Free Energy in the future. As agents can rely on their
generative model to obtain expected observations in the future, they can estimate
the expected Free Energy G for all considered actions [30]:

G(at) = DKL

[
Q(st+1|at)||P (st+1)

]︸ ︷︷ ︸
Risk

+EQ(st+1)

[
H(P (ot+1|st+1))

]︸ ︷︷ ︸
Ambiguity

(4)

Here, we used that the agent has prior preferences over future states P (st+1),
and hence searches for actions that bring it closer to preferred states while min-
imizing the expected ambiguity. Actions are then selected by sampling from
P (at) = σ(−γG(at)) with σ the softmax function and γ the temperature.

In deep active inference, the state space structure is not specified upfront but
rather learned from data by instantiating the likelihood model, transition model,
and approximate posterior by deep neural networks, and performing gradient
descent on the variational Free Energy [30]. Crucially, this enables the agent to
determine the latent state space structure, and potentially exploit symmetries.
To this end, the posterior model can be seen as a map from observations to
latent state space, and symmetries can arise from transformations in observation
space that render the latent state invariant. Moreover, we hypothesize that the
complexity term in the variational Free Energy minimization will encourage
the model to exploit symmetries in the state space, especially when there are
symmetries in the environment that the agent has to model.

4 Object-centric generative models

In order to investigate the level of symmetry that can be exploited through
learned generative models, we focus on an agent learning object-centric repre-
sentations as proposed by Van de Maele et al. [17]. This model considers ob-
servations from different viewpoints of a given object and learns a generative
model by minimizing the predicting error for novel views. The agent can move
the camera, simulating a robotic manipulator with an in-hand camera, allowing
it to sample informative views about the object, and move towards preferred
poses, for example where the agent is able to grasp the object.

This model is effectively implementing a part of a hierarchical generative
model of human vision [19], which entails that the brain uses retinal activations
to make inferences about the physical scene composition, i.e. which objects with
a distinct shape and appearance are present in the environment. Moreover, learn-
ing distinct models for separate object categories by looking at objects from a
close distance is inspired by the hypothesized role of distinct cortical columns
in the brain, which “vote” for objects at a certain pose in order to infer a
consistent scene representation [10]. In this work, we particularly focus on these
object-centric generative models, as they enable us to investigate the symmetries
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(a) (b)

Fig. 2: Visualization of the generative model adopted. (a) the object-centric
model adopted, an agent in the form of a pinhole camera is free of moving
around the environment while maintaining a focus at the center of mass of the
object. Agent move from viewpoint vt to vt+1 through action at, at each step
observation o is rendered. (b) Bayesian Network describing the generative model
of the agent. Observation ot is the output of the generative process steaming
from state st. Latent state st is dependent on the previous state st−1 and ac-
tion at+1. observed variables are presented in grey while unobserved ones are in
white.

learnt by the model, and intuitively relate those to the symmetric properties of
the physical object at hand that is modeled.

Figure 2 shows the object-centric active inference agent setup, which consists
of a pinhole camera that renders views of a particular object. At every timestep
t, the camera moves to viewpoint vt and produces an observation ot. Transition
to viewpoint vt+1 is the result of action at. This action represents the relative
translation and orientation that is applied to the camera pose to acquire a new
viewpoint. The action space is thus defined as the collection of transforms that
change the camera pose to a different object-centric observation. The resulting
observations are images that render the object from various poses, similar to
how toddlers focus on particular objects from a close distance in their early
infancy [23].

This way, learning a latent representation of a particular object is cast as
active inference, where the generative model is implemented using deep neural
networks. This results in a model consisting of three distinct neural networks:

1. an encoding network qφ as approximate posterior Q(st|ot) ;
2. a transition network pχ as transition model P (st+1|st, at);
3. a decoding network pψ as likelihood model P (ot|st).

A graphical representation is presented in Figure 3. At timestep t− 1, obser-
vation ot−1 is encoded. The result of the encoding process is a belief distribution
qφ(st−1|ot−1), of which a latent state st−1 is sampled using the reparameteriza-
tion trick. The sampled latent, paired with action vector at−1 is the input of the
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Fig. 3: Neural network architecture. From the top left: observation ot−1 is fed
through the encoding unit qφ, and the output is a belief over the state of the
object. Sampling is performed on the latter distribution to obtain a state st−1,
which is paired with action at−1 and fed to the transition unit pχ. action at−1
is a relative pose transformation between viewpoint vt−1 and vt. The produced
belief over the transitioned state undergoes sampling to obtain prediction ŝt.

transition network pχ. The action vector consists of a relative translation and
rotation as a 6 DOF continuous rotation representation [29]. A belief over the
transitioned state is encoded in pχ(st−1, at−1). Again sampling will provide the
expect transitioned state ŝt. The latter is then decoded by network pψ to result
in the sensory prediction ôt. All the networks are jointly trained by minimizing
the variational Free Energy:

Ft = ||ot − ôt||2 + βDKL[Q(st|ot)||P (st|st−1, at−1)] (5)

The first term is the accuracy which is computed as the mean squared error
between the prediction ôt and the ground truth ot. The second term is the
complexity term which we scale with a β coefficient to adapt the weight of the
model complexity. The resulting loss formulation is hence similar as proposed by
the β-VAE [11]. By varying β we will assess to what extent model complexity
relates to emerging symmetries in the latent state space. Given the formulation
similarities with the β-VAE architecture, we expect the information bottleneck
imposed by the variation of β will result in a compression of the latent space
and further exploitation of symmetric features.

5 Experiments

We trained the presented model on a subset of the YCB dataset [28]. Objects
are shown in Figure 4. They have been selected based on the presence of axes
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Fig. 4: Subset of YCB dataset considered for the experimentations.

of symmetry both for the texture and shape of the object (i.e. Master Chef can
and plate ) and the presence of only shape symmetry (i.e. cracker box, dice, and
Rubik’s cube).

For each object, a set of 10000 randomly sampled observations and their cor-
responding viewpoints have been recorded. These observations are produced in
an object-centric fashion, by sampling the azimuth and elevation from a spherical
coordinate system, while the radius is kept at a fixed value.

We use the model architecture illustrated in Figure 3. The training procedure
is similar to the one adopted by Van de Maele et al. [17] and consists of processing
pairs of observation simultaneously.

For each object, we trained different models with β varying in a range between
0.25 to 100. In the following subsections, we will analyze the resulting latent space
structure. First, we evaluate how the resulting model complexity changes with
varying β, and how this results in invariants in the state space which reflects
the symmetry. Next, we do a principal component analysis and check whether
the amount of principal components relate to the symmetry axes of the modeled
object. Finally, we show how exploiting symmetry can help to generalize action
selection, i.e. to infer successful grasp poses from a demonstration.

5.1 Complexity and Symmetry exploitation

In order to evaluate model complexity, we consider a set of 900 evaluation pairs
consisting of two randomly sampled observations and the action moving the cam-
era viewpoint from one to the other. For each pair, we calculate the complexity
as the KL divergence between the posterior and the prior. The prior is obtained
by encoding the first observation with the posterior model, and then predicting
the state distribution using the transition model given the action. The posterior
distribution is calculated by encoding the second observation with the posterior
model. We evaluate the complexity term for the whole evaluation dataset and
report the median as an overall measure of complexity.

To evaluate the symmetry exploitation from the model, we analyze to what
extent the latent state is invariant for different object viewpoints. To this end,
we use the same evaluation dataset, but now encode both observations with the
posterior model, and measure the KL divergence between those two. For a single
pair of observations a and b the symmetry term is:

Sa−b = DKL[Q(sa|oa)||Q(sb|ob)] (6)
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Fig. 5: Complexity terms and symmetry exploitation. Evaluated on a subset of
the YCB dataset. For each object, multiple models have been trained adjusting
the beta factor. The symmetry exploitation term is expressed in percentage
terms.

We consider the state mapping invariant when S is below a certain threshold,
which we empirically set to 300. The symmetry exploitation term expresses the
percentage of objects’ observations that are considered symmetric.

Our results are shown on Figure 5. The top row shows the model complex-
ity for various objects and varying β factors. As expected, model complexity
decreases as β increases. Conversely, symmetry exploitation increases with in-
creasing β, until the model collapses for very high β. In this case, every obser-
vation is mapped to a single latent, and we get posterior collapse.

In Figure 6 we provide a visualization of the state space distribution obtained
by applying t-SNE [16]. Notice how for a low beta value of 0.75 similar observa-
tions are encoded to unique regions of the embedding, with evident separation
from dissimilar observations. By increasing beta, we start to notice some degra-
dation in the quality of the partitioning. The shape properties of the objects are
still encoded correctly, unlikely the texture ones. For example, for the cracker
box, the front and the back of the box are mixed together, instead for the Rubik’s
cube orange faces are mixed with the red ones. Overall, we find that minimizing
model complexity results in invariants in the latent space, effectively mapping
different observations to the same latent representation. The observations that
get mapped to the same latent code also reflect the symmetries of the physical
object.

5.2 Principal Axes of Symmetry

In this section, we further investigate how the true axes of symmetry of the
objects are represented in the latent space. To perform such analysis we opted
for Principal Components Analysis (PCA). PCA is a technique often used for
dimensionality reduction [27,14], the output of such analysis is the eigenvectors
and eigenvalues of the input dataset. We composed a dataset with 900 rendered
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Fig. 6: Visualization of the t-SNE mapping applied on the latent space for 100
uniformly distributed observations of cracker box and Rubik’s cube. Increasing
beta values are presented.

observations, obtained by sampling viewpoints with varying elevation and az-
imuth coordinates, but at a fixed range. All observations are encoded into latent
states using the posterior model, which we stack into a matrix Ml.

We hypothesize that for objects that have physical axes of symmetry along
the elevation and azimuth dimensions, only two principal components would
result from the analysis of the components on Ml. Figure 7 shows the eigenvalues
for various objects and varying β. Indeed, for objects like the Master Chef can
and the plate, which have strong symmetry, there are only two components that
have large eigenvalues. For objects where the symmetrical properties are not
exploited during the data collection, the trend is reflected by a more uniform
distribution of the information along all the latent elements.

Note that once the model collapses for high β values, most of the eigenvalues
become zero, since no more elements are any more relevant for the collapsed
representation. Also, for Master Chef can and the plate it is interesting to point
out how for increasing values of β the principal axes become more apparent.
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Fig. 7: Eigenvalues plots resulting from Principal Component Analysis (PCA).
Provided a dataset of 900 instances obtained from the variation along azimuth
and elevation with respect to spherical coordinates. PCA is applied to the latent
vectors encoded from each observation.

5.3 Generalizing graspable poses through symmetry exploitation

In this final experiment, we look at how the exploitation of symmetry in the
agent’s generative model can influence a practical task. To this end, we provide
the agent with the task to grasp an object, given an example observation. This
preferred observed view can be interpreted as a proxy for the target grasping
pose, i.e. as if the agent is a robotic manipulator with an in-hand camera.

To solve this task, the agent has to plan its action that will realize the pre-
ferred observation. The active inference agent does this through the minimization
of expected free energy as described in Section 2. The considered preference is
thus provided as an RGB image ot+1 from a randomly sampled viewpoint vt+1.
The agent’s task is then to infer the correct action to move from initial obser-
vation ot to the preference. For this experiment, again a dataset is created with
two observations, and the goal is to find an action at, that brings the agent from
the first observation to an observation similar to the second.

For finding the action with the lowest expected free energy, a Monte Carlo
procedure is used. First, the approximate posterior over state Q(st|ot) is com-
puted by encoding observation Ot using qφ. Then 900 actions are randomly
sampled to yield a uniform distribution of target viewpoints around the object.
For each of these actions, the transitioned belief is acquired through pχ. The
expected free energy G is then evaluated by computing the negative log proba-
bility of the mean of the transitioned state belief with respect to the approximate
posterior over the state, given our preferred view Q(st+1|ot+1). We repeat this
process for all elements in the dataset.

We extract the ten actions with the lowest expected free energy and visualize
them in Fig 8 as the corresponding grasping poses. The target pose, or preference,
is shown in green while the selected poses are presented in dark gray. From this
visualization, it can be observed that by increasing the β parameter, the model
starts exploiting more symmetries in the system. The relaxation of β during the
optimization of the model yields behavior where the agent is more permissive
towards different -but similar- poses. While this also causes a detrimental effect
on reconstruction accuracy, one can see how finding more equally graspable poses
for an object is advantageous. As a result, enforcing this exploitation of symmetry
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Fig. 8: Manipulative actions driven by expected free energy action selection. Pro-
vided a target pose, displayed in green, possible selected manipulation poses are
shown in black.

aids in the generalization towards other graspable poses. If the manipulation task
requires high precision, we can adopt a model with a low β and thus low variance
over sampled poses, while in the opposite case where we don’t care about the
exact grasping location, a model with high β could be beneficial.

6 Discussion

6.1 Complexity-accuracy trade-off in view of preferences

From our experiment results, we conclude that penalizing the complexity of the
model through the weighing of the complexity term in the free energy formulation
yields an increased amount of symmetry representations. The model has learned
different observations mapping to the same belief over the state. In our case, we
adapted the model complexity by varying weight β on the complexity term in
the loss function. In reality, however, the accuracy-complexity trade-off should
be governed by preferences. High precision preferences on particular outcomes
might require a more complex model (i.e. I want to grasp the object from one
specific viewpoint), whereas lower precision preferences (i.e. I just want to grasp
the object) can be realized with a less complex model, i.e. one that exploits
symmetries.

In an analogous way, Battaglia et al. [2] studied the “intuitive physics” we
apply to the objects we observe or interact with. Battaglia et el. conclude that
humans perform this type of inference about object dynamics in an approximate
manner with respect to the exact properties of the objects. There is a trade
between precision for speed, generality, and the ability to make predictions that
prove to be “good enough” for the everyday activities of human beings, hence
that minimize Free Energy. In this type of scenario, the ”preference” would be
in the form of a computational constraint.
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6.2 Symmetry in the brain

It is historically known that through visual processing the brain discards in-
formation about identity preserving transformations of objects [9,20]. While at
the V1 layer of the visual cortex, information is encoded in high-dimensional
“entangled” representations, transformation information is lost and results in
“exemplar” neurons [4]. Each “exemplar” neuron fires accordingly to a specific
sensory identity (e.g. a specific object), invariant to the object pose.

Only recently, along with the advancement in ML, a new point of view has
become more popular. This new take stems from the equivariant representation
of brain functionality. In the invariant representation, a transformed input is
mapped to the same intermediate representation. In the equivariant representa-
tion, the transformation to the input observation is preserved and cascaded into
the intermediate space. Equivariant representations have been highly adopted in
the context of ML [12,25,6,26], and are considered crucial to achieving general-
ization features from the model at hand. The adoption of equivariant architec-
tures is favored in the research of ”disentangled” systems by the ML community
where they have demonstrated their efficiency in generalization, imagination,
and abstraction reasoning.

Considering now an object as a unique composition of features. The equiv-
ariant representation exploits the fact that a certain subset of features may be
invariant to certain transformations, but the overall representation is still likely
to preserve information about the applied transformation. As an example, con-
sider a red-colored mug, when applying a rotational transformation, the color
feature is independent of it, instead features like pose, and lighting conditions
will have a dependency on it. With respect to the disentangling property of the
brain, from the neuroscience literature, we have proof that going along the visual
cortex, many primary IT neurons have specific activation with respect to some
of the generative factors they are exposed to[24,4,1].

6.3 Symmetry versus disentanglement

The type of experimentation performed in this work is similar to the one per-
formed in the disentanglement work by Higgins et al. [12], where they showed
how higher β results in better disentanglement in the latent space. The disen-
tanglement effect is obtained by the use of an isotropic unit Gaussian N (0, I) as
a fixed prior. This specific distribution enforces disentanglement by exploiting
the isotropic nature of the distribution (i.e. diagonal covariance matrix).

In our architecture, however, the prior is learned, and our latent state spaces
do not show disentanglement features, even for high β factors. As future work,
we could also experiment with extra regularization terms to encourage disentan-
glement, and investigate how this relates to model complexity and symmetries.

7 Conclusion

In this paper, we analyzed the relation between model complexity and symmetry
exploitation in the context of an object-centric deep active inference framework.



14 S. Ferraro et al.

We first showed how lower model complexity leads to an increase in exploiting
symmetries in the learned latent state space. Second, we investigated in more de-
tail how the learned symmetries in latent space capture the physical symmetries
of the object modeled. Finally, we demonstrated how lower complexity models
can be exploited for inferring preference realizing actions, which immediately
generalize to symmetric configurations. In future work, we aim to investigate
further how agents can learn the optimal accuracy-complexity trade-off, in view
of an agent that needs to realize a certain set of preferences. In this setup, instead
of manually varying β in the loss function, the agent should ideally converge to
the least complex model that is able to realize the agent’s preferences. In their
work Falorsi et al. [5], proposed an ad-hoc reparameterization trick for distribu-
tions on the SO(3) group of rotations in 3D. Matching the topology of the latent
data manifold to the one of the latent space. As an extension to the current work,
we aim to investigate the impact of the optimizations introduced by Falorsi et
al. in the symmetry exploitation scenario.
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