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Abstract: Lifelong learning in robotics seeks the continuous acquisition and reuse of knowledge
to autonomouslymaster complex tasks. A key challenge is discovering sub-goals without relying
on explicit intermediate rewards, enabling robots to decompose tasks and transfer skills across
domains. We propose a dual mechanism for sub-goal discovery. The first is a top-down strategy
that builds hierarchical sub-goal chains from general goals via intrinsic motivations. The sec-
ond is a bottom-up approach that uncovers latent links between previously learned goals and
perceptual classes. Implemented in the e-MDB cognitive architecture, our method was tested
in both simulation and a real-world robotic manipulation task. Results show efficient sub-goal
generation, transfer, and generalization.

1 Introduction
Lifelong learning in robots seeks to move beyond machines that can only perform tasks de-
signed for them in advance. Instead, it focuses on creating robots that can keep learning
throughout their entire existence, adapting to new situations and building on what they have
already learned Romero et al. (2023). This approach is especially important as robots are ex-
pected to operate in environments that change in unpredictable ways, where pre-programmed
solutions are not enough.

To implement such systems, cognitive architectures emerge as the foundation for intelligent
behavior. This is achieved by the integration of perceptual information and learning processes
that aim towards the fulfillment of robot’s goals. As cognitive architecture development has
progressed, they have evolved from rule-based architectures Laird et al. (1987); Lebiere and
Anderson (1993); Varma and Just (2006) to connectionist architectures that leverage machine
learning algorithms for continuous adaptation and learning Becerra et al. (2021); Kotseruba
and Tsotsos (2020); Romero et al. (2022); Weng (2004).

A fundamental characteristic of real environments is that tasks are openly defined and it
might not be possible to provide an adequate measurement of progress for each step taken by
the robot. This provides a significant challenge for learning algorithms that rely on a explicit
reward value for each state, as is the case for many reinforcement learning algorithms Kulkarni
et al. (2016). For this reason, mechanisms for the generation of sub-goals are key for achiev-
ing lifelong learning capabilities for robots. Additionally, having a representation for each of
those intermediate steps allow for reuse of learned skills in different tasks and also aid with the
explainability of the autonomous behavior.

Instead of treating every sensor reading as unique, perceptual classes group together states
that share the same functional “meaning” Feldman (1992). For example, many different cam-
era images may correspond to the presence of a chair, and all of these sensory states can be
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assigned to the perceptual class chair. Formally, a perceptual class ŝ is defined as as a subset of
the robot’s state space S, such that all states s P ŝ represent situations with equivalent relevance
for decision-making. By clustering states in this way, perceptual classes provide the robot with
stable categories that simplify reasoning, reduce complexity, and allow knowledge to be reused
across different tasks.

Using this definition, robot’s goals can be represented using perceptual classes. A goal g can
be defined as the subset of states in S that the robot tries to reach. In conjunction with goals,
other perceptual classes allow the robot to identify important states that are required to reach
them. These can be thought as transition states toward goals. By autonomously generating
these perceptual classes through the interaction with the environment, robots are able to gen-
erate grounded representations of their knowledge. These allow for simplified decision-making
processes as if symbolic representations were used.

In this paper we propose two mechanisms for the discovery of sub-goals: a top-down ap-
proach, where sub-goals are hierarchically derived from general goals based on intrinsic mo-
tivations Romero et al. (2020), and a bottom-up approach, where sub-goal chains emerge
from goals and non-goal perceptual classes that were previously learned in different domains
Romero et al. (2022). In the following section we provide an explanation of the mechanisms
proposed. Then, in section 3 we describe the experiments that were carried out. In section 4 the
main results obtained are analyzed and finally, section 5 provides the conclusions obtained.

2 Proposed Mechanisms
The cognitive architecture used in this work is the epistemic Multilevel Darwinist Brain (e-
MDB). e-MDB integrates perception, motivation, memory, and action-selection modules into
a unified system, allowing robots to autonomously acquire skills and refine their knowledge
over time Bellas et al. (2010); Romero et al. (2023). The architecture provides mechanisms for
obtaining and relating perceptual classes and goals Becerra et al. (2021). Therefore, it provides
a suitable framework for testing strategies of autonomous sub-goal generation in dynamic en-
vironments.

Knowledge in the cognitive architecture is stored by using a Memory System Duro et al.
(2019). It is organized by the activation relationships of knowledge nodes in a directed graph.
These relationships are represented as C-Nodes (Cn), which relate policies (π) with a World
Model (WM), a goal (G) and the prior perceptual state, called P-Node (Pn).

Perceptual classes are used to represent subsets of the robot’s state space, either as precon-
ditions to achieve a goal (P-Nodes) or as states that yield a reward (goal nodes). These classes
are learned progressively during the robot’s lifetime, and therefore, latent relationshipsmust be
searched only after the representations have stabilized. This is evaluated through a confidence
measure C based on classification history.

To generate useful sub-goals in lifelong learning, two requirements must be met: generaliza-
tion, so that sub-goals capture all states leading to a target goal, and reusability, so that knowl-
edge from different domains can be adapted in new contexts. In our approach, perceptual
classes in the e-MDB architecture are used to define new goals or link existing ones.

2.1 Top-down sub-goal Discovery
The top-down approach derives sub-goals from existing knowledge of how to reach a final
goal. Sub-goals are created from the states associated with learned P-Nodes, this is, the states
before reaching the final goal. This process is driven by an internal mechanism based on the
effectance drive Romero et al. (2020), which activates once a P-Node surpasses a confidence
threshold. When this occurs, a new goal is generated that rewards the robot each time the
P-Node is activated, as illustrated in Fig. 1.

Successive executions of this mechanism allows a chain of sub-goal to be created. Therefore,
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Figure 1: Top-down sub-goal generation.
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Figure 2: Bottom-up sub-goal generation. Gy is identified as sub-goal of Gx .

the representation of a goal and its sub-goals is made in a step-by-step basis. The explicit repre-
sentation of each step then aids with the reuse of the obtained knowledge in different contexts.

2.2 Bottom-up sub-goal Discovery
The bottom-up approach reuses accumulated knowledge by analyzing latent relationships be-
tween perceptual classes of P-Nodes and goals. If a P-Node is containedwithin a goal (Pi Ď Gj)
or vice versa (Gj Ď Pi), the downstreamgoal can be considered a sub-goal of the upstream goal.
This is analogous to a prospection process, where candidate states are evaluated for their utility
in reaching other goals. Once a match is found, the activation of upstream goals is cascaded
toward sub-goals, as shown in Fig. 2.

To ensure robust behavior, safeguards are included: feedback loops in goal chains are
avoided, and activation is attenuated when cascading from a goal to its sub-goals. This ensures
final goals to retain priority over intermediate ones.

3 Experimental Setup
The experiment consisted of a fruit classification task, where a TIAGo robot had to sort fruits
into accepted or rejected baskets based on their weight (Fig. 3). Fruits were collected from a
designated area, weighed on a scale, and classified accordingly. An overhead RGB camera pro-
vided the robot with the position and size of the nearest fruit, along with information about
the scale and a table button light (the latter being irrelevant to the classification task). The cog-
nitive architecture operated on a ten-dimensional perceptual state that encoded fruit location,
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grasping status, scale readings, and the state of the button light.

Figure 3: Experimental setup with a TIAGo robot.

Eight policies were available to complete the task, these are described in Table 1. Percep-
tual classes were modeled using neural networks with three hidden layers (128, 64, and 32
neurons), ReLU activations, and a sigmoid output. Networks were trained online with binary
cross entropy loss, the Adam optimizer, and a FIFO buffer of 400 samples to prevent overfitting.
Training occurred only when predictions diverged from labels.

Table 1: Policies available to the robot.
Policy Description
Pick fruit Grasp a fruit from the table
Test fruit Place fruit on the scale for evalua-

tion
Accept fruit Place fruit in accepted basket
Discard fruit Place fruit in rejected basket
Change hands Transfer fruit between grippers
Place fruit Leave fruit in the center of the table
Ask nicely Request more fruits from experi-

menter
Press button Toggle table button light

To evaluate sub-goal generation, three experiments were compared: (1) a baseline where
rewards were given for every correct action, (2) a setup combining both top-down and bottom-
up sub-goal generation, and (3) a classical top-down only approach. A learning curriculum
simulated lifelong acquisition of goals and perceptual classes:

1. Exploration phase. The weighing scale was inactive.
2. The robot was tasked with placing fruit in the middle of the table.
3. Exploration phase with the scale enabled.
4. The robot was tasked with classifying fruit.

During the exploratory phases, goals were created using an effectance-based intrinsic moti-
vation Romero et al. (2020). This generated goals related to events in the perception, such as
grasping a fruit.
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4 Results and Discussion
The three experimental setups were evaluated in a discrete event simulator, with 750 trials per
experiment which consisted of 20 iterations each. The fist phase of the curriculum was active
for 20 trials, the second up to trial 125, the third from trial 126 to trial 150 and the final phase
the remaining trials. Ten runs were executed for each of the methods.
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Figure 4: Performance comparison of the different sub-goal generation approaches.

Figure 4 compares performance: while the baseline reaches on average 4 iterations per trial,
the top-down only approach stabilizes at 11, and the combined top-down + bottom-up ap-
proach achieves close-to-baseline performance with 5 iterations per trial. It should be noted
that in the baseline the robot receives step-by-step rewards, whereas in the autonomous ap-
proaches rewards are only given upon reaching the final goal.
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Figure 5: Goal tree after the Top-down + Bottom-up experiment. Light blue: environment-effect goals.
Red: top-down sub-goals. Blue arrows: bottom-up links.

Figures 5 and 6 show the final goal trees for the combined and top-down only approaches. In
both cases, the graphs reflect the sequence of the learning curriculum: environment-effect goals
appear first, followed by task-related goals. The top-down mechanism creates sub-goals from
P-Nodes, while the bottom-up mechanism establishes latent links across existing goals, which
results in richer structures. Table 2 summarizes the goals discovered in memory for each case.

The results show that the combined approach enables reuse of previously learned goals and
perceptual classes, effectively bootstrapping new skills. For example, placing a fruit on the table
(G6, Top-down+ Bottom-up) leverages prior grasping goals (G7, G9, Top-down+ Bottom-up),
which later support learning to activate the scale (G15, Top-down + Bottom-up).
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Table 2: Comparison of goals in the LTM after the execution of the experiments.
Top-down only Top-down + Bottom-up

Goal Description Goal Description
G1 Novel state achieved G1 Novel state achieved
G2 Sub-goal created for learned P-Node G2 Sub-goal created for learned P-Node
G3 Goal linked to environment effect created G3 Goal linked to environment effect created
G4 Button light turned on G4 Sub-goal link created
G5 Button light turned off G5 Button light turned on
G6 Button light turned on G6 Fruit placed on table
G7 Fruit grasped with left gripper G7 Fruit grasped with left gripper
G8 Fruit grasped with right gripper G8 Fruit grasped with right gripper
G9 Fruit grasped with right gripper G9 Fruit grasped with right gripper
G10 Fruit grasped with left gripper G10 Fruit grasped with left gripper
G11 Weighing scale activated G11 Fruit grasped on any gripper
G12 Fruit grasped on the same side as the scale G12 Fruit classified properly
G13 Fruit placed on table G13 Good fruit tested
G14 Fruit grasped on any gripper G14 Bad fruit tested
G15 Fruit classified properly G15 Weighing scale activated
G16 Good fruit tested G16 Fruit grasped on the same side as the scale
G17 Bad fruit tested
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Figure 6: Goal tree after the Top-down only experiment. Light blue: environment-effect goals. Red: top-
down sub-goals.

In contrast, the top-down only setup leaves certain sub-goals unlinked. For example, the goal
related to activating the weighing scale (G11, Top-down only), is not considered a sub-goal of
the classifying task. As this is an environmental effect goal, after the architecture learns how to
recreate it, it is no longer pursued. This provokes the important performance drop seen around
trial 400 in Figure 4, as there is no bootstrapping effect from completing that goal.

5 Conclusions
This paper addressed the challenge of sub-goal generation in lifelong open-ended learning,
where achieving goals often requires a sequence of intermediate steps. A system based on two
mechanisms for sub-goal generationwas presented. First, a traditional top-down approach that
progressively build hierarchies of sub-goals from known goal states. This was complemented
by a bottom-up approach that exploits the robot’s accumulated knowledge in perceptual classes
to discover latent relationships between goals and sub-goals.

Experimental results in a manipulation task showed that our proposal achieves performance



Fallas et al. Autonomous Sub-goal Discovery Mechanisms in Lifelong Robotic Learning 339

close to the optimal baseline, despite only rewarding the final goal, and improves efficiency by
more than a factor of two compared to the classical top-down approach alone. These results
showed that themechanismswere able to reuse knowledge obtained in previously learned tasks
to improve its performance in a new task.

Future work will focus on developing more advanced algorithms for uncovering latent rela-
tionships within the stored perceptual classes stored in memory. So that more complex tasks
can be achieved autonomously.
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