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Abstract
With the growing state/action space, learning a satisfactory policy for regular Reinforcement Learning (RL) algorithms such 
as flat Q-learning becomes quickly infeasible. One possible solution to handle such cases is to employ hierarchical RL (HRL). 
In this work, we present two methods to autonomously construct (1) skills (ASKA) and (2) arbitrarily elaborate superskills 
or complexes through defining an arbitrary number of hierarchies in HRL (ASKAC) over a graph-based iteratively-growing 
environment model. We employ dynamic community detection (DCD) in detecting subgoals since DCD considers local 
changes only over the partially growing graphs and lowers the time complexity of the subgoal detection where groups of 
environment states (i.e., subenvironments) are modeled by communities from the graph theory. DCD’s drawback is overseg-
mentation where it mispartitions a subenvironment further into smaller components. To maintain the robustness of ASKAC 
against DCD’s possible oversegmentation we introduce the concept of skill coupling. Skill coupling does not only robustly 
solve the oversegmentation issue, but it also improves HRL by building up more elaborate complexes (i.e., skill composi-
tions) obtained at an arbitrary number of hierarchies and reduces the number of decisions leading to the goal employing these 
complexes. In addition to the experiments that investigate the effect of parameters, proposed methods are experimentally 
evaluated in grid world and taxi driver benchmark environments.

Keywords  Reinforcement learning · Hierarchical reinforcement learning · Skill construction · Skill coupling · Temporal 
abstraction · Community detection · Dynamic community detection

1  Introduction

RL is a branch of machine learning inspired from mam-
mals’ sequential problem-solving capabilities. Learning to 
solve their daily tasks composed of sequential components 
requires the execution of a series of actions. As a power-
ful tool for sequential analysis, RL may remedy complex 

real world problems of sequential nature. RL is a paradigm 
where an agent learns from interactions with its environ-
ment to take consecutive actions at each specific state of the 
environment. Learning involves attaining a goal state. The 
goal state is represented by the maximum of an expected 
total reward, which is some cumulative form of the indi-
vidual responses provided by the environment per visited 
state-action pair.

As the environment (its state/action space) grows too 
large, converging to a satisfactory policy for regular RL 
algorithms such as model-free Q-learning or model-based 
prioritized sweeping becomes quickly infeasible. So, split-
ting up the environment (hence its state space) into suben-
vironments (i.e., clusters of states) based upon the structure 
of the environment and forming the policy from a set of 
subpolicies each learned in one of these subenvironments is 
an effective solution to RL with a large state space. Learn-
ing each component called an option/skill/macro-action 
and learning the main policy using these skills occur in 
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two different levels or hierarchies of learning. Hence, this 
process of splitting the environment into subenvironments 
divides, in fact, learning into hierarchies. In each such sub-
environment, one or more subtasks are defined depending 
upon the subgoals selected and each of these subtasks is 
considered as an individual RL problem at a smaller scale 
in the first1 hierarchy. Then in the following hierarchy, the 
same (or other) RL algorithms may be employed to solve the 
original problem now using the skills learned in the former 
hierarchy as the building blocks to compose the main policy. 
This advanced technique is called HRL (Sutton et al. 1999). 
In HRL, there are skills as well as primitive actions. A skill 
representing a specific subpolicy is learned to solve a certain 
subtask by reaching a subgoal from some initial state within 
a certain subenvironment.

A memory-based RL agent progressively constructs a par-
tial model of the environment it interacts with in a dynamic 
fashion, where the partial model grows more similar to the 
actual environment as learning proceeds. Thus, subgoals 
are also detected in a dynamic manner (Xu et al. 2018). In 
RL, environments may be effectively modeled using graphs 
(Xu et al. 2018; Simsek and Barreto 2008; Davoodabadi and 
Beigy 2011a, b; Shoeleh and Asadpour 2017; Kazemitabar 
et al. 2018; Farahani and Mozayani 2019). The connection 
points of subenvironments may be good candidates for sub-
goals by their nature. Hence, subgoals may be considered as 
bottlenecks of a graph, and they may be isolated from other 
nodes using betweenness centrality (BC) (Simsek and Bar-
reto 2008), a graph property that defines bottlenecks very 
well. However, calculation of BC values has a cubic time 
complexity with respect to the number of states. Further, 
since subgoals might change from one episode to another 
during the partial model construction, BC values should be 
calculated from scratch per episode which makes the time 
complexity O(kn3) with k the number of episodes through-
out learning and n the number of states. Extending intervals 
among each BC computation from one episode to several 
might result in a possible improvement in computation 
speed only with the cost of potentially delayed detection of 
subgoals while the eventual time complexity of the process 
would still not change. The problem with using BC values is 
that its calculation brings a computational overhead.

Although this problem as explained appears to be a prob-
lem within the RL domain (improving the time complexity 
in HRL paradigm) this problem manifests much similarity 
to the community detection problem within the context of 
graph theory. Communities, a common practice in graph 
theory, may be considered as good candidates to model the 
subenvironments in RL where a community is defined as a 

group of nodes which, in a set, exhibit a relatively higher 
similarity in terms of their graph-theoretic properties (New-
man and Girvan 2004). There are community detection algo-
rithms that run on static graphs (Blondel et al. 2008; Traag 
et al. 2019; Waltman and Van Eck 2013) and others that do 
on dynamic graphs (Aktunc et al. 2015; Cordeiro et al. 2016; 
Zhuang et al. 2019).

The advantage of using communities is that they can be 
dynamically detected. When a partial graph is updated, there 
is no need to re-detect all communities from scratch. In DCD 
algorithms, only those communities affected by the addition 
of new nodes or edges are disbanded. Then, a local check 
is run that focuses only on these n∗ newly added nodes and 
those within the disbanded communities where n∗ ≪ n . The 
remaining communities do not get involved in this check. 
Hence, a new community that forms up is not missed by 
this O(n∗) local check, while a potential time waste due to 
the re-detection of already existing communities is avoided.

DCD is a convenient solution for detecting subgoals both 
from the aspects of accuracy and time complexity. One criti-
cal problem DCD algorithms are faced with is their high 
dependency on the resolution parameter while specifying 
the number and sizes of communities. A small change in 
the resolution parameter’s value is likely to cause occasional 
changes both in the number and sizes of communities. This 
problem mostly manifests itself as an oversegmentation (and 
rarely as undersegmentation) of communities. Hence, the 
differences of the graph models with the suboptimally sized 
communities from that with the optimal community distri-
bution (suboptimal in the sense that since they are overseg-
mented they do not yield or reflect the maximum modularity 
that the graph actually possesses) bring up a risk for the con-
sistency of the policy learning for an RL environment; i.e., 
two different representations of the same RL environment 
may end up at two different policies learned and computa-
tion complexity of learning may be significantly different.

In this work, we present Autonomous SKill Acquisi-
tion and Coupling (ASKAC) methods (and Autonomous 
SKill Acquisition (ASKA) without skill coupling), an HRL 
algorithm that autonomously acquires higher level skills, 
complexes or superskills, at the second or higher hierar-
chies within its graph environment where communities are 
dynamically detected utilizing Dynamic Community Detec-
tion by Incrementally Maximizing Modularity (DynaMo) 
presented by Zhuang et al. (2019). To overcome the gen-
eral oversegmentation problem in DCD algorithms (in par-
ticular in DynaMo) explained above due to their resolution 
parameter-dependent nature and come up with a robust 
approach, we introduce skill coupling, a novel concept in 
our work. With this capability, ASKAC unifies two succes-
sive skills (or superskills at the higher hierarchies) selected 
sufficiently frequently together in contiguous communities 
(i.e., subenvironments) to form a complex. Constructing a 

1  We denote the first and lowermost hierarchy as hierarchy #0 (H0), 
which involves single-step actions (or primitives).
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complex by coupling two successive complexes at higher 
hierarchies (hence, several successive skills) the concept 
of skill coupling is analogous to the process of devising a 
skill out of multiple primitive actions from the first to the 
second hierarchy. Hence, skill coupling extends the idea 
of temporal abstraction in HRL, in terms of robustness, 
by adding an arbitrary number of hierarchies where more 
robust policies are obtained against the possibility of sub-
optimal community detection (i.e., oversegmentation) in 
DCD methods. Skill coupling neutralizes the differences 
among the representation alternatives for the same (sub)
environment and from the viewpoint of the complexity 
of the policies learned. We show in Section 5 (Fig. 17) 
that the performance of ASKAC remains the same while 
that of ASKA (hence other state-of-the-art methods since 
ASKA outperforms them) experiences a reduction, which 
inevitably changes as a response to a potential change in 
the resolution parameter in the DCD algorithms since 
ASKA is incapable of skill coupling. Our novelties in this 
work are listed as follows:

•	 We introduce skill coupling, a conditional entropy based 
technique to deal with oversegmentation, which is capa-
ble of autonomously constructing higher-level skills, 
complexes or superskills (as stated by Sutton et al. 1999), 
stretched over an arbitrary number of hierarchies and 
hence an extension on HRL by significantly reducing the 
number of decisions needed to reach the goal. We will be 
using both terms, complexes or superskills, interchange-
ably in this work to mean higher level skills obtained 
through skill coupling at higher (i.e., > 1 ) hierarchies.

•	 We improve the robustness of DCD based HRL 
approaches against the resolution parameter-dependent 
nature of DCD methods potentially ending up at differ-
ent suboptimal communities detected even for slightly 
different values of the resolution parameter (i.e., over-
segmentation).

•	 We present ASKA and ASKAC, the former an HRL 
method using DynaMo for the first time as a DCD tech-
nique, and the latter ASKA’s version equipped with skill 
coupling to increase its robustness against DCD methods’ 
oversegmentation issue.

In the rest of this paper, we continue with the preliminar-
ies and a review of relevant literature in Sections 2 and 3, 
respectively. Following a discussion of our methodology 
in Section 4 that provides the details about the subgoal 
detection, skill construction (Section 4.1) and coupling 
(Section 4.2), the experiment setup and results are discussed 
in Section 5. We conclude with the final remarks and the 
future work in Section 6.

2 � Preliminaries

In this section, we introduce some basic concepts used in 
the rest of this study.

2.1 � Reinforcement learning

RL is a sequential decision-making paradigm where an agent 
learns from interactions with its environment based upon 
evaluative feedbacks provided by the environment (Sutton 
and Barto 2018). Agent chooses an action at at time t, at 
state st , moves to state st+1 with probability P(st, at, st+1) , 
and receives an immediate reward rt+1 . So, it can learn a 
satisfactory (hopefully optimal or possibly a near optimal) 
policy, �∗ , that leads the agent to a goal state character-
ized by a maximum cumulative reward of the environment, 
�
�∑∞

t=0
� trt

�
 . RL may also be modeled with a Markov Deci-

sion Process (MDP). An MDP is described with a quintuple 
⟨S,A,P,R, �⟩ where S is the set of states, A is the set of 
actions, P ∶ S ×A × S → [0, 1] is the state transition func-
tion, 0 < 𝛾 ≤ 1 is the discount factor, R ∶ S ×A → ℝ is the 
reward function. The action-value function for policy � is 
indicated as in Eq. (1):

where k is the number of time steps elapsing between st 
and st+k+1 . One possible method to approximate the Q∗ is 
Q-Learning (Watkins and Dayan 1992) which is a model-
free and off-policy Temporal Difference (TD) control algo-
rithm with an update rule defined as,

where the learning rate � ∈ [0, 1] and the discount factor 
� ∈ [0, 1] . In Q-Learning, the Q value of a single state-action 
pair is updated in each step. A model-based algorithm, 
Prioritized Sweeping (PS), is an improved version of the 
Q-Learning where the agent is capable of planning using 
the partial model of the environment that it progressively 
constructs and updates. In PS, multiple eligible state-action 
pairs are updated using N steps backtracking. The Q values 
of the state action pairs are prioritized, and those with higher 
priority, i.e., those whose Q value is non-zero, are updated 
sooner.

As the environment grows too large, converging to a 
satisfactory policy becomes quickly infeasible for regular 
RL algorithms such as flat Q-Learning or model-based 
algorithm PS. One possible solution to handle such cases 
is to employ HRL while dividing the problem into a set of 
subproblems and using temporal abstraction in the option 

(1)Q�(s, a) = ��

[
∞∑

k=0

�krt+k+1 | st = s, at = a

]

(2)
Q(st, at) ← Q(st, at) + �[rt+1 + �maxaQ(st+1, a) − Q(st, at)]
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(Sutton et al. 1999) framework. An HRL agent can make 
use of skills, temporally extended actions, that the agent 
has learned at a first hierarchy as well as primitive actions 
to construct the main policy at the next hierarchy. A skill 
o ∶= ⟨I,�, �⟩ consists of (1) a policy � ∶ S ×A → [0, 1] , 
(2) an initiation set I ⊆ S , and (3) a termination condition 
� ∶ S+

→ [0, 1].
When the agent chooses a skill o at state s, the policy of 

the skill is followed until the termination condition is met. 
The skill value function is updated as in Eq. (3) once the 
skill is terminated:

where the starting state of the skill ot is st , k is the number 
of time steps elapsing between st and st+k+1 , rt+k+1 is the 
cumulative discounted reward over this time.

In this study, we focus on autonomous construction of 
superskills (i.e., the components of the ⟨I,�, �⟩ triplet) and 
their coupling.

2.2 � Modularity and community detection in graphs

Modularity, denoted by M and given in Eq. (4), is a metric 
that reflects the strength of the commitment of nodes to its 
community (Newman and Girvan 2004), and it is strictly 
between −1 and 1 (Blondel et al. 2008). If the number of 
intra-community edges is no better than random, we will get 
M = 0 . Values approaching M = 1 , the upper limit, indicate 
strong community structure.

(3)
Q(st, ot) ← Q(st, ot) + �[rt+k+1

+ �k max
o�∈Ost+k+1

Q(st+k+1, o
�) − Q(st, ot)]

(4)M =
1

2m

∑

i,j

[
Ai,j − �

kikj

2m

]
�(ci, cj)

In Eq. (4), Ai,j is the number of edges between nodes i 
and j, � is the resolution parameter ( 𝜌 > 0 ), ki is the degree 
of node i, kj is the degree of node j, �(ci, cj) is the Kronecker 
delta (1 if nodes i and j belong to the same community, 0 oth-
erwise) and 2m is the total number of edges in the network.

A community is defined as a group of nodes which in a set 
exhibit a relatively higher similarity, i.e., based on various 
measures of similarity or strength of connectivity between 
vertices (Newman and Girvan 2004). Each community has 
similar nodes with dense interconnections, and these com-
munities are connected sparsely with each other. Since modu-
larity is an effective metric in identifying communities, it is 
widely used in community detection algorithms. In Fig. 1, 
the relation between community structure and modularity is 
visualized using different partitions on the same graph.

Detecting communities in a graph provides valuable infor-
mation. The way this information is used may change depend-
ing upon the discipline and the problem. It is commonly used 
in social network analysis, network science and graph mining 
fields.

Community detection algorithms use the modularity 
function as an objective function to maximize. Maximizing 
modularity function is an NP-hard problem, so some heu-
ristics are applied. These heuristics are based on (1) static 
community detection algorithms (Blondel et al. 2008; Traag 
et al. 2019; Waltman and Van Eck 2013) used for graphs that 
do not change in any timestamp and (2) dynamic community 
detection algorithms (Aktunc et al. 2015; Cordeiro et al. 2016; 
Zhuang et al. 2019) used for graphs that change in a times-
tamp. True communities may not always be found correctly. 
Two or more communities might be detected as a community 
and vice-versa. Oversegmentation problem, which divides a 
community into more communities, is more common in stud-
ies in RL. We discuss this problem in detail in Section 4.2.

Fig. 1   Different modularities for a graph. Communities that nodes belong to are indicated by colors
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3 � Related work

For a skill to be obtained autonomously, the components of 
the triplet ⟨I,�, �⟩ are needed. Therefore, there are many 
HRL studies that focus on detecting subgoals and/or defin-
ing initiation sets (Xu et al. 2018; Simsek and Barreto 2008; 
Davoodabadi and Beigy 2011a, b; Shoeleh and Asadpour 
2017; Kazemitabar et al. 2018; Farahani and Mozayani 2019; 
Machado et al. 2017; McGovern and Barto 2001; Stolle and 
Precup 2002; Şimşek and Barto 2004a; Ghafoorian et al. 
2013; Daniel et al. 2016; Cockcroft et al. 2020). Graph 
theoretic approaches are widely used for subgoal detection 
(Xu et al. 2018; Simsek and Barreto 2008; Davoodabadi 
and Beigy 2011a, b; Shoeleh and Asadpour 2017; Kazemi-
tabar et al. 2018; Farahani and Mozayani 2019; Machado 
et al. 2017). Some of these studies apply different commu-
nity detection algorithms to identify initiation sets besides 
detecting subgoals (Xu et al. 2018; Davoodabadi and Beigy 
2011a, b; Shoeleh and Asadpour 2017; Farahani and Mozay-
ani 2019). For example, Label Propagation (LP) (Raghavan 
et al. 2007), an agglomerative clustering approach, is used 
to detect communities in Davoodabadi and Beigy (2011a), 
Farahani and Mozayani (2019). Oversegmentation, which is 
the problem that forms the motivation of this study, is also 
encountered in Davoodabadi and Beigy (2011a), Farahani 
and Mozayani (2019). The approaches proposed for over-
segmentation problem in Davoodabadi and Beigy (2011a) 
and Farahani and Mozayani (2019) are very similar and uti-
lize the idea of merging the communities which will yield 
a higher modularity gain when merged. This approach is 
called reformed LP in Davoodabadi and Beigy (2011a) and 
Modularity based LP (MBLP) in Farahani and Mozayani 
(2019). Additionally, Farahani and Mozayani (2019) pro-
pose four different skill evaluation algorithms that mark a 
skill as good or bad, which enables the removal of useless 
skills after evaluation. In our work, instead of merging com-
munities, we propose merging skills (which we call skill 
coupling) to solve the oversegmentation problem and we 
argue that this approach has some advantages over the pre-
viously proposed one, namely (1) since it can preserve the 
components of coupled skills (which are also skills from 
lower hierarchies) it is more robust to cases when a coupled 
skill is not useful anymore, and (2) it can in principle (and 
in practice in some cases) decrease the number of decisions 
to one, which is not plausible in community merging, since 
merging all the communities results in the same problem 
before community detection. Moreover, reformed LP and 
MBLP are only performed once after a predefined number of 
episodes, hence the community detection approach is static. 
Applying community detection at the early stages of learn-
ing might cause incorrect communities and, hence, inappro-
priate subgoals and initiation sets detected based upon the 

incorrect communities. On the other hand, waiting for the 
transition graph that represents the partial model to complete 
to perform community detection may delay the construction 
of skills. Since we use a DCD algorithm in our work, the 
starting point of DCD is not as important as in Davoodab-
adi and Beigy (2011a), Farahani and Mozayani (2019). The 
time complexity of reformed LP and MBLP is O(mk + mL) , 
where m is the number of edges, k is the number of itera-
tions required for LP and L is the number of communities 
detected after running LP. Both studies found subpolicies of 
skills using Experience Replay (ER) (Lin 1992) and intra-
option Q-learning (Sutton et al. 1998), which improve the 
subpolicies of skills throughout the learning process. In our 
work, when a skill is selected for the first time, its subpolicy 
is learned as a small RL problem and is used throughout 
learning.

Shoeleh and Asadpour (2017) proposed a graph based 
skill learning approach which extracts high-level skills in a 
continuous state space. First, a connectivity graph is built, 
which can be defined with a transition graph and a distance 
graph. Since the states are non-Markov (i.e., the probability 
for the agent to visit the same state again is zero), abstract 
states are used to build the transition graph and the dis-
tance graph is used to support the transition graph. Then, 
static community detection algorithms (Louvain (Blondel 
et al. 2008), InfoMap (Bohlin et al. 2014)) based on the 
connectivity graph are used to partition the state space into 
regions. Skills are then constructed on the basis of parti-
tioned regions. Learning subpolicies is considered as another 
independent RL problem, as in our work.

DCD approach is also used by Xu et al. (2018). Louvain 
algorithm here is employed to find the initial communities 
(partitions). Then, communities are updated based on the 
initial communities using Incremental Community Detec-
tion Algorithm (ICDA). ICDA is a rule-based algorithm that 
dynamically updates the communities. Each community is 
characterized as a macro-state (aka. aggregated), and skills 
are constructed between each of these macro-states. Sub-
policies of skills are initialized using ER. Then, subpolicies 
are improved with intra-option Q-learning. If communi-
ties are changed during the learning, ICDA updates com-
munities. Skills are reconstructed from the updated com-
munities. If the previous and updated list of skills have the 
same instances, the learned subpolicies for those skills are 
retained. This study and ours have similar approaches (ICDA 
and DynaMo) to retaining subgoals and initiation sets since 
both of them use DCD algorithms.

The difference between DynaMo (Zhuang et al. 2019) 
and ICDA is in handling an intracommunity edge addition. 
In ICDA, adding an intracommunity edge is considered as 
strengthening the local modularity measure of the relevant 
community, and there is no need to change the existing com-
munity structure. In DynaMo, adding an intracommunity 
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edge results either in the same existing community structure 
as in ICDA, or in splitting the communities into two to have 
a better modularity gain. DynaMo might further evaluate 
edge and vertex removal, which we do not consider in our 
transition graph changes.

Kazemitabar et al. (2018) utilize both frequency-based 
and partition-based approaches to detect community-like 
structures. Since subgoals are in the border states of strongly 
connected regions and the visit frequency of border states 
is lower than that of a state within the same region, they 
remove less frequently visited edges to find such strongly 
connected regions. Then, the transition graph is divided 
into some clusters called strongly connected components 
(SCCs) using a linear time algorithm based on depth first 
search. Then the states connecting each SCC pair, namely 
subgoal states, were found considering border states of SCCs 
as potential candidates of subgoal states. This approach is 
also static and the components are only found at a predefined 
episode. Subpolicies of skills are learned using ER and intra-
option Q-learning as in other studies.

A categorization of applying hierarchies in RL is pro-
posed by Setyawan et  al. (2022), which are hierarchies 
(1) in actions, (2) in learning agents, and (3) in environ-
ments. The studies discussed so far are based on hierarchy 
in actions. More recently, Setyawan et al. (2022) proposed 
Micro-Macro States Combination (MMSC) considering 
applying hierarchies in environments. A hierarchy is con-
structed based on (1) tasks, that are related to the original 
state of the environment, microstates, and (2) subtasks, that 
are represented by some collections of the microstate, mac-
rostates. Macrostates are formed as the collection of adja-
cent microstates, and each microstate can be included in 
multiple macrostates. The agent attempts to solve the given 
problem by learning the best combination of microstates and 
macrostates. A macrostate has three components, ⟨I, �,�M⟩ , 
where I is the initial state, � is the termination condition, 
and �M is the policy of a macrostate M. The subgoals are 
the states where � is 1, and they are set automatically based 
on the maximum Q-Value for each macrostate. Since they 
do not include any microstate with an obstacle (i.e., state 
that the agent can not be located at or pass through) in a 
macrostate, each macrostate is obstacle-free. Also, the size 
of the macrostate is determined empirically. The policy on 
macrostates is designed hand-coded as primitive actions that 
move the agent to the subgoal. In our work, subgoals are 
detected autonomously based on DCD algorithm. Since this 
work introduces hierarchy in environments, we may not be 
able to mention directly about skills here. However, a mac-
rostate may be relatable to a skill in our work. A macrostate 
has components similar to skills, but with an I component 
as the initial state of the macrostate instead of the initiation 

set of the skill. Also, the size of a macrostate which is deter-
mined empirically may be relatable to the initiation set of 
a skill that is determined autonomously as the communi-
ties of subgoals in our work. Furthermore, the policy of a 
macrostate is hand-coded whereas the policy of the skills 
is found by solving independent RL problems in our work.

Machado et  al. (2017) implicitly use Proto-Value 
Functions (PVFs) which are representations of learning 
to define options. PVFs are the eigenvectors of the com-
binatorial graph Laplacian matrix where it consists of 
the adjacency matrix of the transition graph. Since PVFs 
are not task dependent, they do not need to know about 
reward functions and they can speed-up learning in differ-
ent tasks. Smoothest eigenvectors (i.e., the smallest eigen-
values) are used to construct options, and the options that 
are constructed with this method are called eigenoptions. 
Eigenoptions do not always lead to the bottlenecks, and 
they support exploration to corners of rooms. Although 
the number of options are given as a model parameter, the 
authors state that the method is fairly robust for different 
number of options.

Jinnai et al. (2019) improve the learning for tasks with 
sparse rewards. The proposed algorithm autonomously finds 
options that minimize the expected cover time which is the 
required time for a random walk to visit all the nodes in a 
graph. The method aims to find the two most distant nodes 
based on the current state transition graph in a greedy man-
ner. The authors consider only point options. Since the point 
option has a single state for each initiation set and termina-
tion condition, an edge is added to the transition graph for 
the point option. Thus they decreased the required number 
of steps to walk between these two states to 1 using options. 
The number of options is given as a parameter. The mini-
mization of cover time is done by maximizing the algebraic 
connectivity with an approximation method. Firstly, the 
second smallest eigenvalue and its corresponding eigenvec-
tor (the Fiedler vector (Fiedler 1973)) of the state transition 
graph are calculated in certain episodes. The largest and 
smallest values in the eigenvector are used to construct two 
options. This operation is repeated until the given number 
of options is reached.

Zhu et al. (2022) propose a new option discovery method, 
Min Degree and Max Distance (MDMD) options, that accel-
erate the exploration by reducing the expected cover time 
of the environment in sparse reward problems. Unlike (Jin-
nai et al. 2019), MDMD does not compute the Laplacian 
matrix’s eigenvector. It selects two disconnected vertices 
with the smallest degree and largest distance to generate an 
option between them. Firstly, the vertex that has the mini-
mum scalability centrality index, which is the sum of the 
degrees of the vertices connected with it, is chosen as the 
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min-degree vertex. Secondly, the max-distance vertex is 
found by breadth-first traversal from the min-degree vertex 
as the root node. These steps are repeated until the number 
of options reaches a predetermined value. The computa-
tional time complexity depends on the breadth-first traversal 
which has O(|V| + |E|) , where V is the number of vertices, E 
is the number of edges of the transition graph, the sparsity of 
the graph affects O(|E|) in the range of (O(1),O(|E|2) . Since 
the Laplacian matrix’s eigenvector is not computed, the 
time complexity is better than Jinnai et al. (2019). Obtain-
ing the min-degree and max-distance vertices and adding an 
edge between them makes the discovered options to achieve 
smaller the environment’s expected cover time than (Jinnai 
et al. 2019).

Studies that construct point options (Machado et al. 2017; 
Jinnai et al. 2019; Zhu et al. 2022) utilize a subclass of the 
option framework. Two states for the initiation set and the 
termination condition are sufficient for constructing a point 
option whereas two sets of states should be found for con-
structing options. Also, point options do not need a sub-
policy as in options. The transition between two states is 
achieved by adding an edge between these states. Machado 
et al. (2017) focus on the utilization of options for different 
tasks and exploration whereas the others focus on minimiz-
ing the covering time. Conversely, our study aims to autono-
mously find the option components and improve learning by 
decreasing the number of decisions. Although these stud-
ies and ours are proposed for autonomously constructing 
options, there are major differences in terms of scope and 
aims.

Skills, by their nature, are valuable outputs that can 
be transferred between tasks as well as between agents. 
Hence, HRL approaches are also used to solve transfer 
learning (Shoeleh and Asadpour 2017) and multiagent RL 
(Shafipour Yourdshahi et al. 2022) problems.

4 � Methodology

In this section, we discuss ASKA and ASKAC in detail. 
ASKA is an HRL method with autonomous skill acquisition 
capability on environments modeled by graphs where ASKA 
obtains skills employing DynaMo that executes DCD on 
transition graphs that represent the partial model. ASKAC 
is the complex (or superskill) acquisition method obtained 
by extending ASKA incorporating skill coupling that func-
tions at the second and higher hierarchies. Using skill cou-
pling, ASKAC autonomously acquires complexes whereby 
it improves the performance of ASKA erasing the effects of 
the suboptimal communities obtained due to the resolution-
dependent nature of DynaMo (Fig. 2). DynaMo splits the 
graph into a suboptimal number of (too many or too little) 

communities, caused by the resolution parameter that adjusts 
the scale of communities. In Section 4.1, we describe how 
the community information is utilized for subgoal detection 
and skill construction by ASKA. In Section 4.2, we dis-
cuss skill coupling that is merged to ASKA to extend it to 
ASKAC and to solve the oversegmentation problem.

The overall system is illustrated in Fig.  2. DynaMo 
achieving DCD as a component of ASKA, the skill coupling 
module and ASKAC, the extended version of ASKA with 
the integration of the skill coupling module are all shown in 
Fig. 2. The transition graph that represents the partial model 
constructed during the agent’s moves within the environment 
is sent to DCD module DynaMo (Zhuang et al. 2019) within 
specific periods (selected in an application-dependent fash-
ion) as long as changes occur in the communities.

DCD module detects the changes between the previ-
ous and the new transition graph that represents the partial 
model, and dynamically forms communities without detect-
ing them from scratch. The communities detected are for-
warded to ASKA or ASKAC and if there is a change in the 
community structure the set of skills is updated.

At each step, in ASKAC only, two successive skills at the 
second or complexes at higher hierarchies are coupled if they 
are selected by the agent significantly frequently.

4.1 � Subgoal detection & skill construction

To maintain the generality of ASKA/ASKAC, we assume 
that the environment is mostly silent or irresponsive, i.e., 
totally unknown to the agent. The agent progressively con-
structs a partial model of and interacts with the environment. 
The partial model grows more similar to the actual environ-
ment as learning proceeds.

The environment in the RL framework is modeled by a 
state transition graph such that nodes and edges represent 
the states and actions, respectively. Nodes ranking high in 
terms of centrality (i.e., the frequency with which a node 
appears on the shortest paths between node pairs among all 
such shortest paths), in other words, nodes characterizing a 
bottleneck constitute good instances for a subgoal in an HRL 
environment (Simsek and Barreto 2008). Inspired by this 
fact, the connecting states of communities with significantly 
higher centrality are suitable candidates of subgoals in such 
a graph representation of an HRL environment.

The partial model changes over time as in Fig. 3a–d and 
so do the subgoals. The construction of the partial model 
of the environment is an iterative process during learning, 
where the model grows more similar to the real environment. 
Thus, a dynamic approach that realizes this progressive con-
struction of the model is inevitable. This iterative approach 
starts with a newly created transition graph representing 
the initial partial model presented to DynaMo. DynaMo 
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finds new communities based on the previous community 
information and the current transition graph as in Fig. 3. 
DynaMo’s output, the community information, is sent back 
to ASKA/ASKAC. The interaction of ASKA/ASKAC with 
DynaMo is shown in the system diagram in Fig. 2.

After communities are formed, the detection of sub-
goals and the construction of the initiation sets are real-
ized as shown in Algorithm 1. Subgoals are determined as 
nodes each connecting a pair of communities. If an envi-
ronment region suffers from oversegmentation (i.e., the 
region is split into a suboptimal number of communities) 
the nodes along the borders of neighbor communities turn 
into subgoals as shown in Fig. 4. Therefore, an excessive 
number of skills are defined. In the flow of learning, only 
a few skills are used more frequently than all others. The 

initiation set is composed of all nodes in the community 
of a subgoal and all nodes in the community of a neighbor 
of the subgoal. Hence, the initiation set of a skill consists 
of states in more than one community. To construct the 
policy of a skill, an RL task is run in the environment 
which consists of the states in the initiation set (edges 
to other communities are not considered) of the skill and 
where the start state is chosen randomly in each episode 
and the goal state is the subgoal state. Now that the com-
ponents of a skill ( ⟨I,�, �⟩ triplet) are determined, the skill 
becomes available for selection at the states in its initiation 
set lasting to the relevant subgoal state.

The subgoal detection and initiation set construction 
phase has O(e) time complexity, where e is the number 
of edges in the graph that represents HRL environment.

Fig. 2   System flow diagram
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4.2 � Skill coupling and hierarchy construction

We may define the oversegmentation (or rarely under-
segmentation) problem as the partitioning procedure of a 
graph by a DCD algorithm into superfluously smaller (or 

in some cases larger), hence a suboptimal number of, com-
munities. The emergence of oversegmentation depends upon 
the modularity aspect of the graph structure. An example 
that illustrates both the undersegmentation and overseg-
mentation problems is given in Fig. 5. In Fig. 5b, the DCD 

Fig. 3   The growth of a partial transition graph, (a)–(d), and detected communities, (e)–(h), in the first four episodes. The community structure is 
updated as new regions of the environment are explored
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algorithm has achieved a proper distribution of nodes into 
communities that correctly models the distribution of states 
among the regions of the six-room grid world environment 
and detected an optimal number of communities while in 
Fig. 5a and 5c, the number of communities detected is too 
few (underestimation) and too many (overestimation) in 
respective order. One possible solution of the problem is 
the resolution parameter that is used for adjusting the scale 
of the communities to be detected (Reichardt and Born-
holdt 2006). The corresponding resolution parameter value 
selected for each detection procedure is also shown in Fig. 5. 
For the underestimated, perfect and overestimated cases, 
the resolution parameter values are 0.05, 0.5 and 1, respec-
tively. However, setting the resolution parameter right for 
different graph topologies is another challenging problem. 
Hence, with this aspect, DCD algorithms are the weak end 
of such graph based HRL methods. A potential remedy to 
this weakness may be a fault-tolerant method that endures 

the impact of and remains robust against the oversegmenta-
tion problem and the suboptimal communities detected by 
the DCD algorithms.

To robustly solve this oversegmentation issue, we pre-
sent skill coupling, a novel solution, where, at an arbitrary 
number of hierarchies we introduce as an extension to HRL, 
skills (or complexes at higher hierarchies; for the rest of the 
discussion, by skill coupling we mean both coupling skills 
at the second and complexes at higher hierarchies) succes-
sively executed with prevailing frequencies are coupled into 
complexes to mend the potentially imperfect results of the 
DCD algorithms and improve the eventual results of ASKA 
(the improved version is ASKAC). As we discuss later in 
Section 4.2 one hierarchy is inserted to the hierarchy struc-
ture per skill in a complex (Fig. 7).

The method is designed to remain fault-tolerant through-
out the learning procedure. We have inspired from the Syn-
tactic Pattern Recognition (SPR) (Fu 1977) principles where 

Fig. 4   As a result of oversegmentation, community borders span 
across wide regions instead of bottlenecks, which causes an unnec-
essarily large number of subgoals. If communities of the graph are 

detected correctly, there are 2 subgoals as in CB1 . However, there are 
16 subgoals in CB2 , since the region on the right side is split into two 
communities

Fig. 5   Detected communities in the six-room environment with dif-
ferent values of the  resolution parameter ( � ). Selection of � plays 
an important role in the resulting community structure. In this case, 
� = 0.5 correctly segments the graph into communities that corre-

spond to individual regions. However, � = 0.05 and � = 1 lead to sub-
optimal segmentation, namely undersegmentation and oversegmenta-
tion, respectively
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the parsing, the second phase of SPR, is devised adaptively 
so as to eliminate the effect of a possible suboptimal step 
taken in the lexical analysis, the first phase of SPR. Say, 
a clustering technique implemented in the lexical analysis 
to extract an alphabet of primitives from a given sequen-
tial dataset may not end up with an optimal alphabet car-
dinality (i.e., one that minimizes the reconstruction error 
while keeping the alphabet size as small as possible). We 
can still devise a parsing phase - among other techniques, 
by (a) reconstructing the sequential data so as to augment 
its dimensionality to cover several best representing clus-
ter exemplars instead of the single best one and (b) choos-
ing a model such as fuzzy (Tumer et al. 2003) or stochastic 
automata (Sürmeli and Tümer 2020) that diversifies the 
alternatives for a good representative for the original data 
token - that may eliminate the negative effects of suboptimal 
clustering. The idea of skill coupling is an analogous step to 
the adaptive parsing process taken in the direction of robust-
ness to tolerate a detection of possibly suboptimal commu-
nities as a result of oversegmentation. The oversegmenta-
tion problem potentially leads to the detection of too many 
communities and, hence, the generation of premature skills 
(since obtained communities of these skills are smaller) that 
execute on these suboptimally detected communities. The 
skills are premature in the sense that they do not end up 
at the bottlenecks (the actual subgoals) of the environment 
(e.g., G2 in Fig. 6) but at some intermediate state (e.g., G1 
in Fig. 6). These negative effects of the oversegmentation 
problem may be suppressed by coupling these premature 
skills into complexes. Here a criterion is required to decide 
on which skills to be coupled. We utilize the entropy of two 
successive skills at a state. The entropy of a discrete random 
variable X with outcomes x1,… , xn and their probabilities 
P(x1),… ,P(xn) is given in Eq. (5).

Entropy of a state reveals whether any skill pair from 
the state is worth coupling. Let S = {s0, s1,… , sn} be the 
set of states, with |S| = n . Each state has a set of skills 
Osi

= {oi1, oi2,… , oik} and these skills have Q-Values 
Qsi

= {qi1, qi2,… , qik} where i identifies the state and k is 
the number of skills for the state.

To calculate entropy, the probabilities of the selected 
skills are needed. If Q-Values are used directly, close 
probability values will be obtained, since the difference 
between Q-Values is relatively smaller than the values 
themselves. Nevertheless, instead of directly using Q-Val-
ues, Gibss-Boltzmann distribution can be used to obtain 
probabilities (Sutton and Barto 2018). Gibbs-Boltzmann 
distribution enables to obtain different probability distri-
butions by adjusting the parameter � . The probabilities of 
skills for a state are denoted as Psi

= {pi1, pi2,… , piK} , and 
pik is given as in Eq. (6).

When events occur independently of each other, the 
entropy in Eq. (5) is employed.

In our case, the agent interacts with the environment at dis-
crete time steps t = 0, 1, 2,… and chooses a skill o ∈ O at its 
current state s ∈ S . Based on the chosen skill, environment 
responds with a reward r and the next state information s′ . 
Since the states are dependent only on the immediately preced-
ing states, so do the skills depend only on the immediately 
preceding skills, the conditional entropy in Eq. (7) is more 
convenient. Let us assume the agent is at state si and can select 
skills from the set Osi

= {oi1, oi2,… , oil} . The agent has l dif-
ferent choices for taking a skill, and it may end up with l dif-
ferent destination states. So there are l skill sets for selecting 
the next skill based on destination states. Let us denote all 
skills originating from one of these l destination states as 
O�

sj
= {o�

j1
, o�

j2
,… , o�

jkj
} where kj is the number of possible 

skills of the state sj . Hence, the entropy of state si is attained as 
in Eq. (7).

(5)H(X) = −

n∑

i=1

P(xi) logP(xi)

(6)pik =
e(qik∕�)

∑K

j=1
e(qij∕�)

Fig. 6   An example community structure to support initiation set 
coupling given in Eq. (9). In this case, a simple set union of I1 and 
I2 would cause the agent to visit subgoal G1 first before reaching G2 
(indicated with red dashed arrow), instead of directly heading towards 
G2 (indicated with blue dashed arrow)
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The conditional entropy of each state in the environment is 
computed and updated per episode. Skill pairs with a consider-
ably higher conditional probability outshine others, and hence, 
cause the entropy to decrease. The outstanding skill pairs are 
found if the entropy is reduced below a prespecified entropy 
threshold. The skill pair successively chosen with the highest 
frequency (hence, contributing most to lowering the entropy 
of the selected state) gets coupled.

Skill coupling does not only couple two skills, but is 
capable of coupling a multiple number of successive skills 
into a nested complex at subsequent hierarchies. Learning 
takes place at several hierarchies instead of only two. This 
significantly reduces the number of decisions; sometimes 
down to a single complex composed of a multiple number 
of skills. Thus, skill coupling method does not only solve the 
problem of the oversegmentation, but it also improves HRL 
in terms of the number of decisions. A complex oC obtained 
by skill coupling is denoted using a triplet just like a skill 
and coupling two skills o1 and o2 into oC = ⟨IC, �C,�C⟩ is 
shown in Eq. (8), where ∪ symbolizes skill coupling.

In the following, we discuss the details of the union 
operations within the resulting complex’s triplet in Eq. (8) 
obtained by skill coupling. The initiation set IC of the com-
plex oC is obtained during skill coupling from the initiation 
sets I1 and I2 as given in Eq. (9).

Coupling both skills’ initiation sets as in Eq. (9) rather 
than a simple set union is to discard complexes leading to 
suboptimal policies. As a simple example, Fig. 6 depicts 
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(8)
o
C
=o1 ∪ o2 ∶= ⟨I1, �1,�1⟩ ∪ ⟨I2, �2,�2⟩

∶= ⟨I1 ∪ I2, �1 ∪ �2,�1 ∪ �2⟩

(9)I
C
= I1 ∪ I2 ∶=

{
I1, if I1�I2 = �

I1�I2, otherwise

a two-room environment where each room is suboptimally 
segmented into two communities by the DCD algorithm and 
two skills, o1 and o2 , are defined in C1 ∪ C2 and C2 ∪ C3 , 
respectively. To endure the oversegmentation the two skills 
o1 and o2 with initiation sets I1 and I2 , respectively, are cou-
pled into oC . The initiation set IC of oC is formed as that of 
the first skill o1 with possibly common states with that of 
o2 excluded, as given in Eq. (9), since otherwise, a possible 
start of the complex oC at one of these excluded states would 
lead to an indirect path to the subgoal G2 of o2 , through the 
subgoal G1 of o1 and not directly to G2.

Considering the termination condition, we use binary �C , 
that is, �C ∶ S → {0, 1} . Therefore, we define the coupling 
of two termination conditions as shown in Eq. (10), which 
simply applies statewise logical AND operation to determine 
the new �C . Also, �C is set to 0 and 1 for the subgoals of o1 
and o2 , respectively.

Note that, two skills are coupled, the initiation set of the 
resulting complex oC becomes a subset of states that the 
complex does not terminate at, that is, IC ⊂ {s ∶ 𝛽C(s) < 1} , 
where IC is the initiation set of the complex. This is slightly 
different from the {s ∶ 𝛽(s) < 1} ⊆ I  condition stated in Sut-
ton et al. (1999), however it is still consistent with the skill 
definition and provides more flexibility, since this way it is 
possible to represent two subsets of S in one skill.

Finally, two subpolicies are coupled as,

When the skill oC is selected, the agent recursively runs 
the policies that �C is composed of.

The Q-Value of the complex oC is initialized with the 
Q-Value obtained as if the two skills, o1 and o2 , are taken. 
Therefore, the complex oC is neither boosted nor starts with 
any disadvantages. Then, the Q-Value of this new complex is 
calculated for each state in the initiation set and the complex 
is added to each of these states.

The skill definition provided in Sutton et al. (1999) also 
covers primitive actions, namely each primitive is a single-
step skill defined on the state that it is available. The ini-
tiation set of such a skill consists of only the state that the 
primitive action is starting from. Similarly, � is 1 everywhere 
except I  . The subpolicy is then a mapping S ×A → [0, 1] 
where the probability of the relevant primitive is 1, and oth-
ers are 0. Thus, the coupling operations we defined above are 

(10)�C = �1 ∪ �2 ∶= �1 ∧ �2

(11)�C(s, o) ∶=

{
�1(s, o), if o1is being executed

�2(s, o), otherwise



Evolving Systems	

1 3

also applicable to primitive actions, resulting in a bottom-
up approach to iteratively combine and build more com-
plex skills (i.e., complexes). It should be noted that, DCD 
is an approach that significantly speeds up the construc-
tion of skills at hierarchy #1 as shown in Fig. 7. Instead of 
coupling single-step skills one by one at the beginning, we 
directly construct more comprehensive skills thanks to the 

communities detected autonomously during learning. After 
that, obtained skills are started to be coupled.

Hierarchies are structured such that they manifest the number 
of skills that build a complex. A complex composed of, say, i skills 
is coupled at the ith hierarchy. This idea of hierarchy ordering 
tends to reflect the elaborateness of a complex. That is; a com-
plex with i + 1 skills is more elaborate than one with i skills. An 
alternative hierarchical structure may be to set up a hierarchy per 
skill coupling, where any coupling defines a different hierarchy. 
Such hierarchy structure would be time based in the sense that the 
hierarchy order pinpoints the ordering of time instances, where 
each coupling associates with a specific time instance.

In Fig. 6 a two-room environment suffering from over-
segmentation is illustrated. Three skills o1, o2 and o3 are 
learned by the HRL agent at hierarchy #1 (H1) in communi-
ties C1,C2,C3 , respectively. To cover up the negative effects 
of oversegmentation, first o1 and o2 , are coupled at H2. Then 
the complex o1 ∪ o2 may be coupled with o3 at H3 to form a 
complex of three skills.

Figure 7 describes how skills are coupled and executed, 
and the algorithm is given in Algorithm 2.

Fig. 7   Skill coupling operation creates a binary tree structure. Single-
step actions are at H0 and are not shown here. Skills at H1 are con-
structed from the community structure obtained from DCD. In this 
example, when ((o1 ∪ o2) ∪ o3) ∪ (o4 ∪ o5) is selected at a state, a 
depth-first traversal is applied to recursively run previously coupled 
components, which leads to execution of o1 , o2 , o3 , o4 and o5 respec-
tively. Note that, this is a single-decision process, which leads the 
agent to the subgoal of the superskill ((o1 ∪ o2) ∪ o3) ∪ (o4 ∪ o5) (also 
o5 in this case)
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5 � Experiments and results

We categorize the experiments in two groups regarding the 
claims we make about our method’s capabilities: (1) experi-
ments for displaying the performance achieved by skill cou-
pling (2) experiments for illustrating the robustness gained 
by skill coupling. We use two benchmark environments: 

(1) the two-, four- (with two variations) and six-room grid 
worlds, and (2) taxi driver environment. In particular, we use 
all environments to evaluate the performance of ASKA and 
ASKAC compared with state-of-the-art in Section 5.1. To 
exhibit the performance of ASKAC on robustness, we use 
the six-room environment due to its larger state space. The 
effects of skill coupling on solution or policy complexity 
and robustness are discussed, respectively, in Sections 5.2 
and 5.3.

We compare the proposed algorithms with Q-Learning 
(Watkins and Dayan 1992), BC (Simsek and Barreto 2008), 
SCC (Kazemitabar et  al. 2018), and MMSC (Setyawan 
et al. 2022). Since the main goal of point option methods 
(Machado et al. 2017; Jinnai et al. 2019; Zhu et al. 2022) is 
not making the agent reach the goal faster (in terms of steps 
or decisions), we argue that these studies are not directly 
comparable to ours. For SCC and BC, experiments are run 
with the same RL parameters as those given in Section 5.1.1. 
In Section 5.1.2, we compare ASKA and ASKAC with 
MMSC on a special environment introduced by Setyawan 
et al. (2022).

The comparison of the proposed method and the other 
existing graph-based subgoal detection methods in terms 
of the number of parameters and time complexity are given 
in Table 1. The common parameter for all graph-based 

Table 1   Comparison of the proposed methods and the other existing 
graph-based methods. DCD has O(|Δe| + |e|∗) complexity in the best 
case, and O(|Δe|. |e||n| + |e|∗) complexity in the worst case, where Δe is 
the set of edges being changed and |e|∗ ≪ |e| . For the overall time 
complexity of ASKAC, the time complexities of subgoal detection, 
skill coupling, and individual RL tasks should be considered

Method Parameters Time 
complexity 
for subgoal 
detection

Time complexity for 
skill coupling

BC – O(n3) –
SCC t

t
O(e + n) –

ASKA � DCD + 
O(e)

–

ASKAC �, DCD + 
O(e)

O(# steps ∗

(# skills in state)2)entropy threshold

Fig. 8   Suboptimal communities of grid worlds with varying numbers of rooms (each color refers to a different community)
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methods, which is not given in Table 1, is the number of 
episodes required by the agent to construct the partial model 
for detecting subgoals. Since DCD is used in ASKA and 
ASKAC, this parameter is considered as the minimum num-
ber of episodes required to start constructing the partial 
model. Note that the partial model grows more similar to 
the actual environment as learning proceeds, so the related 
changes to the skills are performed in the proposed method.

While BC does not have any parameters, SCC and ASKA 
have one parameter and ASKAC has two parameters. The 
effect of the resolution parameter, � , the parameter of DCD, 
is eliminated in ASKAC by coupling skills. ASKAC has one 
more parameter than ASKAC, the entropy threshold.

Another criterion, the time complexity, for all methods 
are also given in Table 1. Let n be the number of nodes and 
e the number of edges in the partial graph. Here, DCD used 
for ASKA and ASKAC has O(|Δe| + |e|∗) complexity in the 
best case, and O(|Δe|. |e||n| + |e|∗) complexity in the worst 
case, where Δe is the set of edges currently modified and 
|e|∗ ≪ |e| , to detect communities dynamically (Zhuang et al. 
2019). After obtaining communities, subgoals are detected 
in O(e) as given in Algorithm 1. In ASKAC, skill coupling 
w h i c h  i s  a n  e x t e n s i o n  t o  A S K A  h a s 
O(#steps ∗ (# skills in state)2) time complexity, since the 
entropy of a state is calculated as described in Section 4.2.

5.1 � Benchmark environments

In this section, ASKA, ASKAC and the other methods are 
compared in two standard benchmark environments: two-
dimensional grid worlds and taxi driver.

5.1.1 � Two‑/Four‑/Six‑room grid worlds

For the two-dimensional grid world environments, there are 
four primitive actions: going north, west, south, and east, in 
each state. If the move of the agent is blocked by a wall, it 
stays at the current state. Each episode where the agent starts 
at the same initial state terminates when the agent reaches 
the goal state. The immediate reward for taking each action 
is −1 , +1000 for reaching the goal state. We use �-greedy 
policy with a decaying � of an initial value of � = 0.2 , a 
discount factor � = 0.9 , and a learning rate � = 0.05 . For 
ASKAC, the temperature parameter in Gibbs-Bolztmann 
� = 0.3 , entropy threshold 0.8, and skill coupling is avail-
able after episode 10. The experiments are run in two-room 
(Fig. 8a), four-room (Fig. 8b) and six-room (Fig. 8c) grid 
worlds. Each experiment is run for 3200 episodes and each 
one averaged over 40 runs.

5.1.1.1  Results and  discussion  For all grid worlds, com-
munities detected by DCD module are suboptimal (the 

Fig. 9   Comparison of the proposed methods with Q-Learning (Watkins and 
Dayan 1992), BC (Simsek and Barreto 2008) and SCC (Kazemitabar et  al. 
2018) in two-room environment. Entropy threshold is 0.8 for ASKAC. The 
average of 40 runs with different seeds for Pseudorandom Number Generator 
(PRNG) is shown with a sliding window of size 10. Point A in (a) indicates the 
spot where skill coupling is started. Point B in (a) and (b) is the spot where the 
effect of skill coupling becomes visible. The lag between A and B is approxi-
mately 10 episodes and caused by the time passed before agent’s revisit to the 
state that the coupled skill is available. The peak indicated as C in (b) is the 
first local peak of ASKAC after skill coupling
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environments are split into a higher number of communi-
ties than expected; i.e., more than the number of rooms). 
The oversegmentation problem discussed in Section 4.2 is 
illustrated for all three grid worlds in Figs. 8d–f correspond-
ing in respective order to Figs. 8a–c. For each of the two-, 
four- and six-room grid worlds, the curves for the number of 
decisions (not considering the number of primitive actions 
chosen inside a skill) and steps to goal are illustrated for 
the first 200 episodes in Figs.  9, 10 and 11, respectively, 
to better see the speed of decay of the methods. Further in 
Table 2, both the average number of decisions and steps for 
both 200 and 3200 episodes are shown for all five methods 
along with the corresponding percent reductions in the last 
column. Both ASKA and ASKAC outperform other meth-
ods (Q-Learning, BC and SCC) where ASKAC achieves a 
minimum number of decisions at all three environments for 
both 200 and 3200 episode runs and hence performs better 
than ASKA while ASKA yields the minimum number of 
steps (with the only exception at the two-room environment 
at 3200 episodes where BC has a reduction in the number 
of steps of 6.53% compared with that of ASKA). With skill 
coupling, ASKAC is able to significantly reduce its num-
ber of decisions. The goal is attained by 3.3, 4.1 and 35.4 
decisions in two-, four- and six-room environments, respec-
tively. ASKAC’s remaining behind ASKA in the number of 
steps is highly likely to be attributed to ASKAC’s learning 
suboptimal complexes. There may be multiple complexes 
that lead to the goal. ASKAC may have learned one or more 
of them based on the progress of learning. Since some of 
them may be experienced sooner than others, ASKAC uses 
these complexes obtained sooner to reach the goal. If suf-
ficient time is provided, all complexes may be learned. The 
percent reductions for decisions point to the relative error 
between ASKAC and ASKA to emphasize the influence of 
skill coupling while those for steps denote the relative error 
between ASKA and state-of-the-art’s best. The reduction in 
the number of decisions between ASKAC and state-of-the-
art’s best is more dramatic than the figures for steps.

As seen in Figs. 9a, 10a and 11a and Table 2, with the 
growing state space more communities, hence, more skills 
and a higher number of more elaborate complexes show up. 
While skill coupling can cope with the growing state space 
by building policies of a smaller number of more complex 
decisions through an arbitrary number of hierarchies, the 
number of decisions for other methods grows faster.

There are peaks (up to episode 50) in Figs. 9b and 10b in 
curves for the number of decisions. Skill coupling first starts 
at episode 10. For instance, the point in Fig. 9b where the 
two learning curves of ASKA and ASKAC branch out and 
that of ASKA forms the local peak (point B in Fig. 9b) is a 
little after episode 10. The effect of using coupled skills (i.e., 
complexes) manifests itself on ASKAC’s curve as keep-
ing the steepness of the decay in the number of decisions 

Fig. 10   Comparison of the proposed methods with Q-Learning (Wat-
kins and Dayan 1992), BC (Simsek and Barreto 2008) and SCC 
(Kazemitabar et  al. 2018) in the four-room environment. Entropy 
threshold is 0.8 for ASKAC. The average of 40 runs with different 
seeds for PRNG is shown with a sliding window of size 10
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whereas ASKA is affected by relatively more frequent 
exploring selections and changes in the community structure 
in the early stages of learning. ASKAC may also be affected 
by these and form local peaks (point C in Fig. 9b) which 
we also observe at the notch on ASKAC’s curve below 
right after the branch-out (Fig. 10b). However, these local 
peaks are typically not as high as those of ASKA as seen in 
Fig. 9b. Hence, as a result of skill coupling ASKAC exhibits 
a steeper falling learning curve.

In Figs. 9c, 10c and Table 2, the difference among the 
average number of steps for ASKA and ASKAC is less than 
10% for two- and four-room environments at the end of 200 
episodes. Due to likely premature learning, the same rule 
does not apply to the number of steps for six-room environ-
ment for 200 episodes; but at the end of 3200 episodes that 
of ASKAC is 2.88% better than that of ASKA while they are 
both still far better than other methods ( 66.9% , 84.61% and 
74.45% reduction for two-, four- and six-room environments, 
respectively).

5.1.2 � Four‑room grid world with terminating collision: 
a special case

In this section, proposed methods ASKA and ASKAC 
are run on a slightly different four-room environment 
to compare them with a recent state-of-the-art method 
MMSC (Setyawan et al. 2022). The main difference of this  
special case from the four-room grid world discussed in  
Section 5.1.1 is that the episode ends if the agent hits an 
obstacle (including walls). Therefore, an additional metric, 
success rate (ratio of episodes in which the agent reached 
the goal), is also considered in addition to the number of 
decisions.

The experimental setup in (Setyawan et  al. 2022) 
includes six variations of the four-room grid world with 
different amounts of obstacles, each with three different 
starting states. We run experiments on three of these vari-
ations, namely four-room without any additional obstacles 
(Fig. 12a), four-room with the maximum amount of addi-
tional obstacles (Fig. 12b) and the variation without any 
obstacles or walls (Fig. 12c) to cover both extrema. We also 
consider Q-Learning (Watkins and Dayan 1992) and Options 
(Sutton et al. 1999) methods as non-hierarchical and hierar-
chical RL baselines.

For all methods, the immediate reward for moving to a 
new state is −0.1 , hitting an obstacle is −1 and reaching the 
goal state is +1 . Epsilon � = 0.999#episode , discount factor 
� = 0.9 , and a learning rate � = 0.1 are used for all methods. 
For ASKAC, the temperature parameter in Gibbs-Bolztmann 

Fig. 11   Comparison of the proposed methods with Q-Learning (Wat-
kins and Dayan 1992), BC (Simsek and Barreto 2008) and SCC 
(Kazemitabar et  al. 2018) in six-room environment. Entropy thresh-
old is 0.8 for ASKAC. The average of 40 runs with different seeds for 
PRNG is shown with a sliding window of size 10
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� = 0.3 , entropy threshold 0.8, and skill coupling is available 
after episode 10. Similar to (Setyawan et al. 2022), the num-
ber of decisions and success rate are calculated for ASKA 
and ASKAC from episodes between 9000 and 10000, which 
are then averaged over 40 runs.

5.1.2.1  Results and  discussion  The average number of 
decisions and the average success rate between episodes 
9000 and 10000 are given in Table 3. Setyawan et al. (2022) 
define the number of steps taken by the agent as the num-
ber of decisions made, which is slightly different than how 
we use the term step in this study. However, it matches the 
number of decisions metric we use. Hence, we report it as 
the number of decisions in Table 3.

Similar to previous experiments, less number of decisions 
that agent has to make to reach the goal indicates more inclu-
sive and useful skills. Considering this special case of the 
four-room environment, less number of decisions could also 
be due to the episodes in which the agent hits an obstacle. 
Hence, the performance of the methods should be evaluated 
considering both the number of decisions and the success 
rate.

As seen in Table 3, ASKA manages to achieve smaller 
average number of decisions and higher success rates than 
MMSC, Options, and Q-Learning in all environments. This 
indicates that the options constructed by ASKA are more 
useful for the agent to reach the goal. Moreover, the effect 
of skill coupling mechanism we propose is visible in the 
number of decisions made by ASKAC, which manages to 
further improve ASKA in terms of number of decisions with 
almost equal success rates.

The significantly high success rates achieved by ASKA 
and ASKAC (even when extra obstacles are added to the 

environment) could be linked to how we construct sub-
policies by considering options as separate small RL tasks. 
Naturally, with subpolicies constructed this way, the agent 
moves from one subgoal to another and learn to avoid hit-
ting obstacles.

5.1.3 � Taxi driver

The taxi driver task is to pick up and deliver the passen-
ger to the destination in a 5 × 5 grid environment given in 
Fig. 13a. The possible locations of the passenger and the 
destination are one of the 4 states marked by R, G, B and 
Y. In each episode, passenger and destination locations are 
chosen from the marked states, and the initial location of the 
taxi is chosen among the 25 states randomly. The taxi has six 
primitive actions: north, west, south, east, pick up and put 
down at each state. If the movement is blocked by a wall, the 
taxi stays at its current state. If the taxi is at the same loca-
tion as the passenger, the pick up action places the passenger 
in the taxi; if the passenger is in the taxi and the taxi is at 
the destination, the put down action delivers the passenger; 
otherwise these actions have no effect. The agent receives a 
reward of −1 for each action, +20 for passenger delivery, and 
−10 for an unsuccessful pick up or put down action.

This domain has 25 grid locations, 5 passenger loca-
tions (including in-taxi), 4 destinations, and hence 500 
( 25 × 5 × 4 ) states in total (Şimşek and Barto 2004b). The 
graph representation of the taxi driver environment is given 
in Fig. 13b. We consider each 25-state passenger and des-
tination combination as a subgraph, and the connections 
between these subgraphs are established through directed 
edges when the valid actions, i.e., pick up and put down, are 

Table 2   The number of 
decisions and steps at episode 
200 and 3200. Each number is 
the average of 40 runs

For each row, the best result is indicated with bold numbers. For decisions, percent reduction illustrates the 
decrease from the second-best result. For steps, on the other hand, it manifests the decrease of the best of 
our methods (ASKA or ASKAC) from the state-of-the-art’s best

Metric Env. Episode Algorithm Reduction ( %)

Q-Learning BC SCC ASKA ASKAC

Decisions Two-room 200 172.85 97.55 83.18 8.53 3.3 61.31
3200 36.25 25.4 21.9 8.45 4.43 47.57

Four-room 200 357.98 245.73 305.68 9.03 4.1 54.60
3200 47.45 30.35 32.63 7.88 3.75 52.41

Six-room 200 730.7 636.43 500.25 72.8 35.4 51.37
3200 62.48 42.63 40.3 16.1 8.35 48.14

Steps Two-room 200 172.85 115.65 104.93 34.73 37.73 66.90
3200 36.25 32.9 33.55 35.05 35.58 −6.53

Four-room 200 357.98 305.33 361.48 47.0 51.75 84.61
3200 47.45 46.55 44.55 43.48 43.73 2.40

Six-room 200 730.7 754.05 764.43 186.68 266.825 74.45
3200 62.48 65.85 62.98 61.23 60.68 2.88
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Fig. 12   Four-room grid world environment with different obstacle levels. a to c correspond to the environments given in Figs. 4a, 4d and 4f in 
Setyawan et al. (2022) respectively

Table 3   The average number of decisions ( # dec.) and average success rate (SR) in episodes from 9000 to 10000

For ASKA and ASKAC, each number is the average of 40 runs. In all environments, the agent starts the episode from the state at (2, 2). In each 
row, the best results of both metrics are indicated with bold numbers

Env. Algorithm

Q-Learning Options MMSC ASKA ASKAC

# of dec. SR ( %) # of dec. SR ( %) # of dec. SR ( %) # of dec. SR ( %) # of dec. SR ( %)

Fig. 12a 12.67 81.23 11.25 67.97 7.44 89.99 5.96 99.99 2.75 99.99

Fig. 12b 12.75 98.10 12.54 45.49 12.75 98.10 4.63 99.99 3.83 99.99

Fig. 12c 12.69 92.60 6.49 94.92 5.78 91.22 5.43 100 3.64 99.99

Fig. 13   Taxi driver environment and its graph representation. The 
transitions between subgraphs are represented by colored edges. For 
each subgraph, the edges between the passenger location and the taxi 
location are shown in red, green, blue, and orange for the passenger 

locations R, G, B and Y, respectively. The self loops that originate 
from unsuccessful pick up and put down actions are not shown here 
for the simplicity of the graph
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executed. For unsuccessful pick up and put down actions, a 
self-loop will occur at the related node.

In our experiments, the episode ends when the taxi deliv-
ers the passenger to the destination state. We use �-greedy 
policy with a decaying � of an initial value of � = 0.4 , a dis-
count factor � = 0.95 , a learning rate � = 0.2 . For ASKAC, 
the temperature parameter in Gibbs-Bolztmann � = 0.3 , 
entropy threshold 0.8, skill coupling is available after epi-
sode 10. Experiments are run for 3200 episodes and each 
averaged over 40 runs.

5.1.3.1  Results and discussion  For the taxi driver environ-
ment, the curves for the number of decisions (not consider-
ing the number of primitive actions chosen inside a skill) 
and of steps to goal are illustrated for 3200 and 200 epi-
sodes, respectively, in Fig. 14. Further in Table 4, both the 
average number of decisions and steps for both 200 and 
3200 episodes are shown for all five methods, along with 
the corresponding percent reductions at the last column. In 
Fig. 14a, b and in Table 4 both ASKA and ASKAC outper-
form other methods. The difference in the number of deci-
sions between ASKA and ASKAC is not significant ( 3.87% 
from Table 4) as in the results of grid worlds, since there are 
less coupled skills in the taxi driver environment. However, 
ASKAC still achieves the minimum number of decisions. 

In terms of the number of steps, ASKA and ASKAC have 
almost the same performance as in Fig. 14c, but ASKA has 
slightly less steps than ASKAC in some episodes due to the 
incorrect communities detected. Incorrect communities lead 
to unexpected subgoals, and the subgoals bring about differ-
ent skills. Hence, choosing such a skill may end up at a state 
that is a few steps away from the real subgoal. In case such 
skills are coupled, the number of decisions can be decreased, 
but the number of steps can be higher than optimal.

In taxi driver experiments, we observed that learning the 
subpolicies of skills as independent RL problems instead 
of using intra-option Q-learning may be a disadvantage. In 
ASKA and ASKAC, each subpolicy is learned as an RL 
problem when skills are selected for the first time. Then, 
whenever a skill is selected, ASKA and ASKAC agents go 
directly to the subgoal using the learned subpolicy, which 
causes a skill to be executed until its subgoal regardless of 
whether it is a good choice. Hence, both agents may move 
away from the goal, and need to take more steps to reach 
it. This is likely the reason for ASKA and ASKAC’s rarely 
converging to a policy with a slightly higher number of steps 
than other methods.

Although the taxi driver environment has less states than 
six-room grid world, the learning process takes longer. Since 
the graph of taxi driver environment consists of four discon-
nected subgraphs, in each episode, ASKAC is able to move 

Fig. 14   Comparison of the proposed methods with Q-Learning (Wat-
kins and Dayan 1992), BC (Simsek and Barreto 2008) and SCC 
(Kazemitabar et al. 2018) in taxi driver environment. Entropy thresh-
old is 0.8 for ASKAC. The average of 40 runs are shown with a slid-
ing window of size 10
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and learn only at a limited number of states. In this respect, 
intra-option Q-learning may be preferable, because it provides 
more updates for state-action pairs once a skill is executed.

5.2 � Effects of skill coupling on solution complexity

In this set of experiments, we investigate the effect of 
entropy threshold parameter on skill coupling and the rela-
tion between skill coupling and the solution complexity. 
The entropy threshold parameter is the only parameter of 
skill coupling. Therefore, the experiments in this section 
are intended to establish the relation between the solution 
complexity and the entropy threshold. The policy or solu-
tion complexity is a combination of the elaborateness of the 
decisions or complexes (i.e., the number of skills composing 
a decision) and the number of decisions it takes an agent to 
the goal (i.e., the size of the policy).

5.2.1 � Experiment setup

The experiments are conducted with two entropy threshold 
values {0.5, 0.8} in the six-room environment in Fig. 8c. The 
learning parameters are as in Section 5.1.1. For the tem-
perature parameter in Gibbs-Bolztmann, � = 0.3 is used, and 
skill coupling is effective after episode 10. Each experiment 
is run for 3200 episodes.

5.2.2 � Results and discussion

The detected communities are identical for all entropy 
threshold values and the partitioning of the environment is 
shown in Fig. 15. Dendrograms showing the coupled skills 
for two threshold values are given in Fig. 16a and b. As the 
entropy threshold increases, the total number of skills cou-
pled (the skill densities in Fig. 16a and b) and the number of 
skills involved in coupling (the number of colors in Fig. 16a 
and b expand. In Fig. 16a, the hierarchy level can go up at 
most to 3, and the coupled skills are not sufficient to take the 
agent to the goal state by a single complex. In Fig. 16b, there 
are much more coupled skills and the number of hierarchies 

rises to as many as 10. The coupled skills formed in the 
hierarchy #8 and hierarchy #10 can take the agent to the goal 
state by a single complex. However, since the number of 
steps is higher in the coupled skill at hierarchy #10 (because 
it is coupled with a skill in the reverse direction to the goal 
state), the agent prefers the skill at the hierarchy #8 . This 
selection of the agent indicates the fault tolerance capability 
of ASKAC as a result of skill coupling.

The empirical results obtained point out that with the 
growing entropy threshold the decision complexity (i.e., 
the number of hierarchies, hence, the number of skills cou-
pled to form the complex) grows while the number of deci-
sions leading to the goal reduces. The entropy threshold is 
a heavily application dependent parameter and depends on 
the number of skills defined per state; hence normalization 
may be a good idea.

5.3 � Effects of skill coupling on robustness

In this set of experiments, we investigate the effect of the 
resolution parameter, that causes the partitioning of the envi-
ronment into different communities, on the learning. With 
various values of this parameter, we compare ASKA and 
ASKAC in terms of their number of decisions and cumula-
tive reward, and analyze the robustness.

Table 4   Number of steps and 
decisions both at episodes 200 
and 3200

Each number is the average of 40 runs. For each row, the best result is indicated with bold numbers. For 
both metrics, percent reduction manifests the decrease of the best of our methods (ASKA or ASKAC) from 
the state-of-the-art’s best

Env. Metric Episode Algorithm Reduction ( %)

Q-Learning BC SCC ASKA ASKAC

Taxi driver Decisions 200 129.9 56.88 29.43 10.43 10.85 64.56
3200 12.98 8.93 6.65 5.75 4.5 32.33

Steps 200 129.9 60.33 35.6 20.4 21.73 42.7
3200 12.98 12.53 12.03 12.55 13.3 −4.32

Fig. 15   Detected communities in six-room grid world
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5.3.1 � Experiment setup

The experiments are conducted with various values of the 
resolution parameter � uniformly distributed and ranging 
within (0, 1] in the benchmark six-room environment in 
Fig. 8c. The learning parameters are as in the Section 5.1.1. 

Following values are used: � = 0.3 for the temperature 
parameter in Gibbs-Boltzmann, the entropy threshold 0.8, 
skill coupling is effective after episode 10. 50 experiments 
are conducted per � value. Each experiment is run for 90000 
episodes.

Fig. 16   Dendrograms of coupled skills for different entropy thresh-
old values. Episode numbers are shown in logarithmic ( log2 ) scale to 
improve visibility. As expected, higher entropy threshold values lead 
to more coupling operations, and hence higher number of hierarchies 

are formed. Note that, this representation is different from Fig. 7, as 
this also considers the coupling order (i.e., time axis). Therefore, hier-
archies are not in ascending order as the episode number increases
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5.3.2 � Results and discussion

Graphs for the number of decisions and cumulative reward 
are given in Fig. 17a and b respectively. An example of the 
detected communities for each of the resolution parameter 
values of 0.05, 0.5 and 1 is given in respective order in 
Fig. 5a–c. The size of the communities detected decreases 
as their number rises with the growing resolution. ASKA is 
affected by the partitioning resulting in an increase in the 
number of decisions in Fig. 17a and a decrease in the cumu-
lative reward in Fig. 17b with the growing resolution, while 
in both cases the ASKAC remains stable.

ASKA starts ( � = 0.05 ) and ends ( � = 1 ) with an aver-
age number of decisions of 2.12 and 5.3, respectively, while 
ASKAC with 1.1 and 1.88. Hence, ASKAC has an aver-
age increase of 0.78 while ASKA 3.18 (i.e., ASKA grows 
about 4 times faster than ASKAC (a 75% improvement)). 
Similarly, ASKA’s cumulative reward values for � = 0.05 
and � = 1 in respective order are 800.01 and 570.79, while 
those of ASKAC’s 890.91 and 820.01. So, ASKAC’s cumu-
lative reward has an average percent reduction bounded at 
8.38% while that of ASKA grows up to 30.16% (i.e., ASKA’s 
cumulative reward falls down about 3.6 times faster than that 
of ASKAC (a 72% improvement)). Both of these results jus-
tify for the higher robustness of ASKAC than that of ASKA.

6 � Conclusion

With this study, we presented a novel method to deal with 
the oversegmentation issue that locality based community 
detection approaches are facing. By a conditional entropy 
based metric we recognize skills that are consecutively 
executed with a significantly high frequency and build 

arbitrarily elaborate complexes through a multiple number 
of hierarchies so that graph models with overly-segmented 
communities cause either minimal or no negative effects on 
attaining satisfactory policies. As a result, ASKAC turned 
out to (a) improve skill construction so that it is more robust 
to different resolution parameter values, and (b) signifi-
cantly reduce the number of decisions (in some cases even 
to a single decision) needed to reach the goal by skill cou-
pling that builds arbitrarily complex skills through multiple 
hierarchies.

Further research would probably be directed towards, 
(a) exploiting the graph model for planning, (b) including 
actions in skill coupling method, (c) dealing with the non-
stationary environments (and hence community detection 
in non-stationary graphs), and (d) skill sharing and transfer 
for multi-agent HRL.
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Fig. 17   The effect of resolution parameter � to the average number of 
decisions (a) and average cumulative reward (b). In this experiment, 
for each � value from the set {0.05, 0.1,… , 1} , the average of 50 runs 

with different seeds for PRNG are shown. Stability of the number of 
decisions and cumulative reward while � changes is an indication of 
the robustness capability of ASKAC
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