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1. Introduction

Reinforcement learning (RL) is a machine learning technique where an agent takes an action in
an environment, moves to the next state and receives rewards or punishments regarding this
new state. So, it can learn a satisfactory (hopefully optimal or possibly a near optimal) policy
that leads the agent to the goal state in the environment.

As the environment grows too large, converging to a satisfactory policy for regular RL
algorithms such as flat Q—learning becomes quickly infeasible. So, splitting up the environment
(hence the huge state space) into regions called subenvironments based upon the structure of
the environment and composing the policy (or policies) of a sequence (or several sequences) of
components each learned in one of these regions is an effective solution to RL large state spaces.
Learning each component called an option/skill/macro-action and learning the main policy (i.e.,
composing the main policy as one or more sequences) of these skills occur in two different
levels or hierarchies of learning. Hence, this process of splitting the environment into
subenvironments divides, in fact, learning into hierarchies. In each subenvironment, one or
more subtasks are defined depending upon the subgoals selected and each of these subtasks are
considered as an individual RL problem to solve in the first hierarchy. Then in the following
hierarchy, the skills learned in the former hierarchy are used as the building stones to compose
the main policy. This technique is called Hierarchical Reinforcement Learning (HRL) [1]. In
HRL, there are actions as well as skills. A skill representing a specific subpolicy is learned to

solve a certain subtask by reaching a subgoal from some initial state within a certain region.

As described above, to construct a skill, the subgoals should be detected. However, the agent
does not know the environment completely since it learns the environment episode by episode
[2]. Thus, the subgoals may change since the partial graph evolves over time. So, the subgoal
changes should be detected again. Subregions can be related as community structures. Further

information about this relation will be given in section 1.1.

The focus of the work is on how to improve the time complexity of the detection of subgoals
using dynamic community detection algorithms and skill construction. There are works which
use dynamic community detection algorithms based on modularity, however there is no work
that uses a community detection algorithm based on permanence in RL domain. In our work,

permanence and modularity will be used, and it will be our novelty.



1.1 Problem Description and Motivation

In case an environment is represented by a large state space, it is usually a good idea to divide

the state space into subregions depending on the topology of the environment.

A memory based agent in RL progressively constructs a partial model of the environment it is
in an interaction 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
[1].

In RL, environments may be effectively modeled using graphs [2, 11]. The connection points
of subregions can be good candidates to be subgoals by their nature. Hence, subgoals can be
considered as bottlenecks of a graph, and they can be isolated from other nodes using a graph
property, betweenness centrality (BC) [2]. BC values of nodes in a graph are shown in Fig. 1.
It defines the bottlenecks very well; however, calculation of BC values is O(n®) since subgoals
might change one episode to another, BC values are calculated from scratch per episode. A
possible improvement in computation speed would follow if BC values are computed at longer
intervals than each episode; however, this would potentially delay the detection of subgoals
while the time complexity of the process would not asymptotically change. The problem of

using BC values is that its calculation brings a computational overhead.
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Fig. 1 - An example for subgoal representation. The graph is colored by =~ betweenness
centrality values. The red ones have high values since they are subgoals.



Although this problem as explained appears to be a problem within RL domain (improving the
time complexity in HRL paradigm) this problem manifests much similarity to a problem within
the context of graph theory: detection of communities based on graph properties.

Communities, a common practice in graph theory, can be considered as a candidate to model
these subregions; where a community is defined as a group of nodes which in a set exhibit a
relatively higher similarity [9]. There are community detection algorithms which run on static

graphs [4, 5] and dynamic graphs [6, 7].

The advantage of using communities is that they can be detected dynamically. When a partial
graph is updated, there is no need to detect all communities from scratch. In dynamic
community detection algorithms, the communities that are affected only from the addition of
new nodes or edges are disbanded. Then, the detection algorithms run locally for new nodes
and nodes of disbanded communities. The rest of the communities do not change. Hence, all
communities are not detected over and over for each episode, only related communities are
detected.

The dynamic community detection is a convenient solution for detecting subgoals both from

the aspects of accuracy and time complexity.

1.2 Scope of the Project

Our project is based on discrete and deterministic environments. The implementation of the
entire HRL algorithm is not in the scope of our project. We will devise a decision logic as a
part of the HRL algorithm whether to run the skill construction algorithm observing subgoal

states via an analysis of the partial transition graph.

We will embed this decision logic to the HRL algorithm implemented in [12]. The partial
transition graph obtained as the output from [12] is used as an input in our module. The decision
of whether to construct skills will be the output from our module and it will be the input for the

next part of the HRL. These processes will continue in an iterative manner.

A discrete environment is assumed, and the state space is limited to reasonably complex
environments, where reasonable indicates a size within the processing capabilities of the
computer. For example, on a computer that has Intel® Core™ i7-8565U CPU @ 1.80GHz 1.99
GHz and 8GB RAM cannot handle solving a grid environment that has one million states in a

reasonable time. Our approach works in only two hierarchies, for actions and skills. However,
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HRL algorithm can be run in both stationary and non-stationary environments, the stationary

environments are considered for our project.

Definitions, Acronyms, and Abbreviations

RL: Reinforcement Learning

HRL: Hierarchical Reinforcement Learning

BC: Betweenness Centrality

NMI: Normalized Mutual Information

ARI: Adjusted Rand Index

SCC: Strongly Connected Component

DFS: Depth First Search

GSL: Graph based Skill Learning

STL: Skill based Transfer Learning

ICD: Incremental Community Detection Algorithm
DCD: Dynamic Community Detection

Lattice graph: It might be considered as a finite part of a regular graph where each vertex

has the same number of neighbors.

Modularity: A metric that represents how strongly are nodes connected to each other
in each community.

Permanence: A vertex-based metric, considers the strength of membership of a vertex
to a community [14].

DynaMo: Dynamic modularity-based community detection algorithm

MaxPerm: A community detection algorithm based on maximizing permanence,
static algorithm

DyPerm: Dynamic Community Detection by maximizing permanence, dynamic

version of MaxPerm algorithm



2. Related Work

There are a lot of works [2,3,9,10,11,15,16,17] for finding subgoal states and construction skills
dynamically or statically. The ones based on graph properties are very similar to our work and

will be discussed in this section.

2.1 A graph-theoretic approach toward autonomous skill acquisition in reinforcement

learning

In this article, authors use a graph-theoretic approach to find subgoals and then to construct
skills. The authors state that the visiting frequency of and the probability of transition to the
subgoal states are lower than other states. Given this fact, their algorithm is based on frequency-
based and graph-partitioning methods. Their RL algorithm builds a transition graph and updates
it in every e episodes, with e a parameter of their method. There is also another parameter t;,
which is the minimum required probability for an edge to stay in the transition graph. Then the
transition graph is divided into some huge clusters called strongly connected components
(SCCs) using a linear time algorithm based on depth first search (DFS). Then the states
connecting each two SCCs, namely subgoal states, are found considering border states of SCCs

as potential candidates of subgoal states. [9]

2.2 Graph based skill acquisition and transfer learning for continuous reinforcement

learning domains

In this article, authors mentioned two main problems of RL methods, curse of dimensionality
and excess required learning time, and they proposed two novel approaches, which are Graph
based Skill Learning (GSL) and Skill based Transfer Learning (STL). GSL method discovers
skills adaptively. HRL is an efficient method since they worked on continuous state space. They
detect communities from connectivity graph to make state space discrete. Connectivity graph
contains both agent’s behavior and environment’s dynamics. The efficiency of this method
depends on both the structure of connectivity graph and qualification of community detection
algorithm. They achieved best performance with combination of the transition graph and the
distance graph with power-law distribution as the connectivity graph, and Louvain as the
community detection algorithm. STL method transfers skills to target task. [10]



2.3 Constructing Temporally Extended Actions through Incremental Community

Detection

In this article, authors use graph-based approach to divide the undirected and unweighted state
transition graph into communities where nodes in each community exhibit relatively higher
similarity. Communities of the transition graph are detected considering a graph property called
modularity [9]. Modularity is a metric that represents how strongly are nodes connected to each
other in each community. Since modularity maximization is an NP-hard problem, the authors
employ a heuristic modularity maximization method, the Louvain algorithm [5]. If the graph
has m edges in total, the Louvain algorithm runs in O(m). The Louvain algorithm obtains a base
partition, then latter partitions are updated depending upon this base partition in the incremental
community detection algorithm (ICDA). ICDA is rule-based and updates the communities
(partitions) dynamically. Each community is characterized as a macro-state (aka. aggregated),

and skills are constructed between each of these macro-states. [11]

3. System Design
3.1 System Model

Subgoal changes should be detected as the agent learns the environment. A module will be
implemented that determines whether the subgoal states are changed or not. The RL module,
dynamic community detection (D.C.D) module and skill planner can be expressed as a client-

server connection. The communication between our modules can be seen in Fig. 2.
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Fig. 2 - Communication between RL module, D.C.D module and Skill Planner



While the agent learns the environment, it sends partial graphs of the environment based on its
experience to D.C.D module. D.C.D module will compare the new and the previous partial
graphs and determine new communities. Skill planner makes a decision comparing previous

and current communities and this decision is forwarded to RL module. This decision may be:

e If there are subgoal changes, construct skills

e If there are not subgoal changes, continue with existing skills.

This process continues until the agent learns the hopefully optimal or near optimal path.

3.2 Flowchart and/or Pseudo Code of Proposed Algorithms

As described above, RL module, D.C.D module and skill planner are in communication. If skill
planner makes a decision of construct skills, skill construction algorithm works in RL module.
If skill planner makes a decision of continue with existing skills, RL module uses the existing

skills. This flowchart can be seen in the Fig. 3.
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Fig. 3 - Flowchart of Communication of Modules

In our D.C.D module, we plan to use DyPerm [14] which is a dynamic community detection
algorithm based on permanence or DynaMo [7] which is also a dynamic community detection
algorithm based on modularity or a combination of DyPerm and DynaMo algorithms. Pseudo
code of DyPerm can be seen in Algorithm 1, and DynaMo in Algorithm 2.



Algorithm 1: NodeAddition

Algorithm 2: NodeDeletion

1 Input: Node u to be added; Set of edges F(u,v) of node u;

Current structure C'.

Output: Updated community structure Cy4y
if E==null;
Cis1 + CrU {u}l
else
Ciiy + C U {u};
for each e € F(u,v) do
Cy4+1 + EdgeAddition(e, C); //Algorithm 3
Cip + Ciyn1s
return Ciyy:
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Input: Node u to be added; Set of edges E(u.v) of node u;
Current structure C;.
Output: Updated community structure Cy4
if E==null:
Ct41 + Ct —U{u}:
else
Ciyy + Cp — U{u};
for each ¢ € E do
Ciy1 + EdgeDeletion(e, Cy); //Algorithm 6
Ct + Ciyy;
return Ciyr;

Algorithm 3: EdgeAddition

Algorithm 5: InterEdgeAddition

Input: Edge u,v to be added; Current structure C.
Output: Updated community structure €'y
Cy + Comm(G, u);
C, + Comm(G,v);
if C, == C, then

Ciy1 + IntraEdgeAddition(e, Ct¢) //Algorithm 4
else

Ci+1 + InterEdgeAddition(e, Cy) //Algorithm 5
return Cryyq;

[ I - B A
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Algorithm 4: IntraEdgeAddition
1 Input: Graph G (V,E), Edge e(u,v) to be deleted;
Current structure C}.
Output: Updated community structure C'4q
2 Cy + Comm(G,u);
3 Oy + Comm(G,v);
4 G(V,E) + G(V,E) + (u,v)
5 C'1+1 «— C,
6 return C'yyy;
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Input: Edge u,v to be added; Current structure C%.
Output: Updated community structure C4q
visited < null, queue + null;
Cy ¢ Comm(G,u);
C, + Comm(G,v);
Clnew < Clu;
Cvnew ¢+ Cbu;
PermCugq < Perm(Cy);
PermCuvgyq < Perm(C,);
G(V,E) + G(V.E)U (u,v)
Append u to queue;
Add head(queue) to visited:
while (length(queue) > 0) do
C « current community of head(queue);
for each unvisited node 7 in queue do
visited +— visited U head(queue);
Py = Perm(i) if i stays in Cupew:
P> = Perm(i) if i moves to Cvpew;
If(I’L. > Pl) do
Move i to Cvpew:
Remove i from Cyew:
for each node ¢ in queue do
Add unvisited internal neighbors of ¢ to queue;
if Perm(C,) + Perm(C,) > PermCuga + PermCuvga do
(“)+[ . 0, - (,'u - (.'.. U pll,,l-u- U("”nru':
return ',y

Algorithm 6: EdgeDeletion

Algorithm 7: IntraEdgeDeletion

1 Input: Graph G (V.E), Edge e(u, v) to be deleted;
Current structure Cy.
Output: Updated community structure 'y
2 Cy « Comm(G,u);
3 Cy + Comm(G,v):
4 if C, ==C, then
5 Ci41 + IntraEdgeDeletion(G, e, Cy) //Algorithm 7
6 else
7 Ci41 + InterEdgeDeletion(G, e, C') //Algorithm 8
8 return Cpyy;

Algorithm 8: InterEdgeDeletion
1 Input: Graph G (V.E), Edge e(u, v) to be deleted;
Current structure 'y,
Output: Updated community structure €'y
Cy ¢ Comm/(G,u);
Cy + Comm(G,v);

2
3
4 G(V,E) + G(V,E) - (u,v)
5
o

Cly1 « Cy
return Criy:
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Input: Graph G (V.E), Edge u, v to be deleted;

Current structure C..

Output: Updated community structure C, 4,

risited < null, queue — null;

Cyp ¢ Comm(G,u)

G(V.E) + G(V.E) - (u,v)
Append u to queue;

Add head(queue) to visited:;
while (length(queue) > 0) do

for each unvisited node i in gueue do
C, « C, U head(queue):;
visited + visited U head(queue);

for each node ¢ in queue do

Add unvisited internal neighbors of ¢ to queue:
Remove ¢;

Follow step 5 to 13 to obtain Cy;

if Perm(C,,) < Perm(C,) + Perm(C,) do
Ci41 =Ci —Cuo UC,UC,y;

else
Ci41 = C;

return C'.y;

Algorithm 1 - Pseudo code of DyPerm algorithm



Algorithm 1: DynaMo Initialization (Init) Algorithm 2: DynaMo

Input: vty petn) vy gl o),
Output: ACH, ACS.
AFE + A set of edges changed [from E®) o pltil).

Input: Gt it o),
OQutput: ¢+,
1 AC), AC; « Inif(V @), g1 y@) g o),

1
2 AV, — VIEEINVE, AV, VP I+, 2 CUH) o),
3 MO O ACy + O 3 for ¢; € AC do
a fore;; € AE do 4 | C0HD ot [
5 | forke {i,j}do 5 | forkec; do
6 if k € AVy then 6 new singleton community: ¢ + {k};
7 ACY +— ANCy U e ); 7 CU) o) U fep);
8 for ey € B do - o
9 | AC) « AC U {a); 8 forc = {i,j} € AC; do
L 9 | new two-vertex community: ¢ < {i,j};
10 if k € AV, 4 then 10 o) (C“"'])\{{_‘"{_‘_j }) u {c.;‘};
" AC e« A0 Ufaxl; 1 U ¢ Louvain(CUHD), @tH1)y);
12 Wegae — U ¢ O; Olt+1)
13 for ey, € EUH) do 1z retum C .
14 AC +— ACyU{a);
15 if wyy > Wy, then
16 | Wmaa = wii; ¢ {k,1};
17 | ACy + ACa U {c};
18 ifi,j & AV U AV, 44 then
19 if e ¢ BT orwf; > wi! then
20 if ¢; = ¢; then
21 ACY + ANCy U e )
2 fork € {i,j} do
23 for ey € B do
24 |_ ACy + ACy U {e);
25 if e;; @ E® orwl; < wl" then
26 if ¢; = ¢; then
27 ACY + ACy U e e (i, )
28 | AC « ACy U {e);
29 else
30 Aw = wf;-” - 'w{j; cr =0 Ucj;
31 Qy = Oy + Oy — Oy B2 = B¢, + {3,:1.;
32 8y = 2m — g — Po; b = may + BB,
33 if 2w + 6y > ,,us? { 44 then
34 AC) « ACy U e, cilie+ {45}
35 I_ ACy + ACy U {e};

w

return AC), AC.

Algorithm 2 - Pseudo code of DynaMo algorithm



Our modified HRL algorithm [12] can be seen in Algorithm 3.

Algorithm 1 : HRL

1: Initialize Q(s,a), Model(s,a) and PQueue to empty
2: loop forever
3 s = current state, a = policy(s, Q)

4 Time-step count, k£ = 0

5: (¢',7, k) = execute(s, a)

6:  Model(s,a) = (¢,a,7, k)

7: p =71+ Ymax,Q(s,a)-Q(s,a)

8: if (p > 0) then

9: Insert (s,a) into PQueue with priority p

10: end if

11: for N times while PQueue is not empty do

12: (s,a) = pop from PQueue

13: (s',r) = Model(s, a)

14: Q(s,a) = Q(s,a) + ¢[r + V*maz,Q(s', a') — Q(s, a)|
15: for all s”,a” predicted to lead to s do

16: " = predicted reward from Model

17: p= 1"+ Y*maz,Q(s,a)-Q(s", a")

18: if p > # then

19: push (s”,a") into PQueue with priority p
20: end if
21: end for
22: end for
23: if end of the episode then
24: send partial graph to community detection algorithm
25: if message is “update set of skills” then
26: update skills
27 else
28: continue
29: end if

30: end if
31: end loop

Algorithm 3 - Pseudo Code of Modified HRL algorithm

Proposed algorithm of Skill Planner in Algorithm 4.

Algorithm 1 : Skill Planner Algorithm

Input: new communities
Output: decision message
: Compare previous and current communities
if communities are changed then
send skill blueprints and “update skills” message
else
send “no change” message
end if

R

o o;m

Algorithm 4 - Pseudo Code of Skill Planner
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3.3 Comparison Metrics

The learning performance of HRL algorithm is measured using a diversity of the following

metrics:

e The objective of the agent is to reach the goal state using a hopefully optimal policy
(i.e., taking a minimum number of actions). It expresses how rapid the learning occurs
as well as revealing convergence and divergence of the learning process. Improving the
skill construction planner mechanism is a contribution where skills are constructed only
as required. Discovering skills as early as possible has a remarkable effect on learning
time. This yields the agent to choose to execute skills, instead of primitive actions, so
number of steps to reach a subgoal would be minimized. Also, the total number of
episodes learning is achieved within is another comparison metric.

e Another metric to measure the learning performance of HRL is the expected total reward
the agent receives after each episode. If the skill construction mechanism builds skills

in advance, this increases the expected total reward in each episode.
The metrics to measure the accuracy of detected subgoals are given below:

e Number of true positives, true negatives, false positives and false negatives to calculate
precision, recall and F1 score metrics. These measurement metrics are given in Table 1
and Table 2.

Actual

Subgoal Change Present | Subgoal Change Absent

Subgoal Change o .
= True Positive (TP) False Positive (FP)
£ Detected
3 Subgoal Change _ _
a False Negative (FN) True Negative (TN)
not Detected

Table 1 - Subgoal Change Detection Results
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Measurement T
. Definition Ideal Value
metric
isi TP
Precision .
TP + FP
TP
Recall .
TP + FN
F1 Score 2 * (Recall x Precision) .
Recall + Precision

Table 2 - Definitions of Measurement Metrics

The accuracy of detected communities from our D.C.D module will be compared with the

ground-truth community structures using NMI and ARI measurement metrics.

3.4 Data Sets or Benchmarks

Two-dimensional lattice graphs are good representatives of the grid world environments. There
is a formula of lower bound for modularity of lattices according to given parameters. We
implemented a synthetic graph generator to obtain different two-dimensional lattice graphs,
since we consider only grid worlds. Then the obtained graphs are converted to RL

environments. The agent will try to learn that environments.

HRL will be run in a benchmark problem, four-room grid world, since it is used for expressing

the performance of skill construction approach [11].

4. System Architecture

We have three modules: 1. RL module where learning of the agent takes place in; 2. D.C.D
module for detecting communities locally and dynamically; 3. Skill Planner which compares

previous and current communities, makes inferences and shares these inferences with RL task.
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Data flow of RL module is given in Fig. 4.

add <s,a,s',r>
to model

choose a skill|

learning
converged,

No
goal
reached

or an action [

locate agent
to start state

update skills

skill set

Yes——p|

stop learning

Yes——p|

send partial
graph

RL MODULE
»| Partial graph | : .
— ]

 decision

changed

-

Fig. 4 - Data Flow of RL Module
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Control flow of D.C.D module is given in Fig. 5.

D.C.D MODULE

compare =
previous and araph old
current partial changed No——p|communities

graphs

new partial graph
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: a
i a
| ]
| ]
| ]
| ]
| ]
| ]
H |
H |
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change

k4

detect new
communities ————»| communities
locally

Fig. 5 - Control Flow of D.C.D module

Control flow of Skill Planner is given in Fig. 6.
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| '
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| '
| '
! '
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H P
H P
H P
' '
1 1

Fig. 6 - Control Flow of Skill Planner
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5. Experimental Study

In order to analyze how community detection algorithms, behave on lattice graphs, two

experiments are made using static algorithms in section 5.1 and 5.2.

5.1 Community Detection with modularity, Louvain algorithm [4]

Experimental Setup: Louvain algorithm which maximizes modularity was run on some

two-dimensional lattice graphs in order to examine how it forms the communities.

Experimental Results: A lattice graph that has at most 9x9 nodes in each subregion and

3x3 subregion in Figure 7. The detected communities with Louvain algorithm are in

Figure 8.

Fig. 7 - Lattice graph Fig. 8 - Lattice graph with detected communities

Discussions: Lattice graph is created considering the environment has 9 subregions. We
expect the community detection algorithm to find these 9 subregions as forming 9
communities. The Louvain algorithm detected each subregion as a community as we

expected.

5.2 Community Detection with permanence, MaxPerm algorithm [13]

Experimental Setup: MaxPerm algorithm was run on some two-dimensional lattice

graphs in order to examine how it forms the communities.

15



Experimental Results: A lattice graph that has at most 9x9 nodes in each subregion and

3x3 subregion in Fig. 8. The detected communities with Permanence algorithm are in
Fig. 9.

Fig. 9 - Lattice graph with detected communities
Discussions: The environment is considered to have 9 subregions. We expect the
community detection algorithm to find these 9 subregions as forming 9 communities.
But MaxPerm algorithm found 2 or 3 communities in each subregion, detected different

communities from the Louvain algorithm. The result was not as we expected.

5.3 HRL experiment

Experimental Setup: Skill planner will be implemented. HRL will be tested on the

different size of environments using modules of our project. The results will be

evaluated based on our comparison metrics that are explained in section 3.3.

6. Tasks Accomplished
6.1 Current State of the Project
In current state of the project, these tasks were accomplished:

e Deprecated functionalities of HRL implementation were rewritten in Python.

e The problem in the DynaMo code was solved by contacting its author.

e Synthetic graph generator is implemented in Python. We obtain different graphs giving
maximum number of nodes for rows and columns of subregions and number of

subregions as parameters to the synthetic graph generator.
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e The static version of the permanence MaxPerm code was obtained from its author, since
it is not available on the internet. MaxPerm algorithm is tested on some of the graphs
that are generated from the synthetic graph generator to understand how it works.

e There is an ongoing work on modifying the dynamic version of the permanence,
DyPerm code.

6.2 Task Log

Our meetings are held in our advisor’s office and lasted for 1.5-2 hours. Kutalmis Coskun who

is the author of [12] also attends occasionally our meetings.

Meeting 1 - 3.10.2019: In our first meeting, we talked about our project and decided to make
more detailed literature survey about both community detection algorithms and subgoal

detection algorithms in HRL.

Meeting 2 - 10.10.2019: We focused on researching and understanding the community
detection algorithms [6, 7] over the past week. We shared the articles we found with our advisor

and Kutalmis Coskun.

Meeting 3 - 17.10.2019: We focused on researching and understanding the subgoal detection
algorithms over the past week. We found an article that is very close to our approach which
detects subgoals using a community detection algorithm based on modularity [11]. We thought
we were going to come up with a novel solution, but this approach is thought and published
already. We talked about how we can add a novelty to our project. After the discussion, we

decided to search different graph properties in order to strengthen the detection of subgoals.

Meeting 4 - 24.10.2019: We found an article that proposes a new graph property to find
communities more accurate but could not be able to make detailed study on the article [13]. We
shared this article with our advisor, and he asked us to understand the article better. We found
an article about relation between modularity and lattices since we wanted to generate lattices in
a systematic manner. In the article, there is a formula of lower bound for modularity of lattices

according to given parameters. We tried to determine parameters for our lattice structure.

Meeting 5 - 31.10.2019: We showed our PSD to our advisor and he shared his opinions and

gave advices to us.
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Meeting 6 - 7.11.2019: We completed synthetic graph generator and showed this module to our

advisor.

Meeting 7 - 21.11.2019: The article that proposes a new graph property, permanence, was
analyzed. This graph property is used to detect community structures. The proposed MaxPerm
and DyPerm algorithms were discussed. It was decided to ask for the code of MaxPerm from

its author, since it is not available on the internet [13].

Meeting 8 - 28.11.2019: The code of DyPerm is publicly available. While we were waiting the
code of MaxPerm, we tried to run the DyPerm code and made some observations. But the code
did not work. There was a missing file to run the code. We could not figure out what kind of
information the file contained, and documentation was not well enough. We shared our

experiences with our advisor. We decided to modify the code in accordance of our problem.

Meeting 9 - 12.12.2019: The code of MaxPerm was obtained. We run the code on our graphs.

The results were not as we expected. Thus, we decided to work more on the permanence.

Meeting 10 - 26.12.2019: We showed our graduation project presentation to our advisor. We

got some feedbacks from our advisor.

6.3 Task Plan with Milestones

e Generate/modify decision logic

Using RL task and D.C.D modules, a decision logic is derived.

e Implement a decision module for skill acquisition

A module will be implemented using the derived decision logic.

e Test the algorithm with different inputs

The system will be tested with different inputs. If results are not satisfactory, the

decision logic will be modified.

These tasks will be proceeded in an iterative manner. The Gannt chart for the project time line

is given in Figure 10.
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Gannt Chart for Project Time Line

1.Generate/modify
decision logic
2.Implement a decision
module for skill acquisi
tion

3.Test the algorithm
with different inputs

January February March April May

Duration

Figure 10 - Gannt Chart for Project Time Line
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