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ABSTRACT

Applying machine learning techniques to graph drawing has become
an emergent area of research in visualization. In this paper, we inter-
pret graph drawing as a multi-agent reinforcement learning (MARL)
problem. We first demonstrate that a large number of classic graph
drawing algorithms, including force-directed layouts and stress ma-
jorization, can be interpreted within the framework of MARL. Using
this interpretation, a node in the graph is assigned to an agent with a
reward function. Via multi-agent reward maximization, we obtain an
aesthetically pleasing graph layout that is comparable to the outputs
of classic algorithms. The main strength of a MARL framework for
graph drawing is that it not only unifies a number of classic drawing
algorithms in a general formulation, but also supports the creation
of novel graph drawing algorithms by introducing a diverse set of
reward functions.

1 INTRODUCTION

Graphs are widely used to model complex relational data such as
computer networks, brain connectomics, protein-protein interac-
tions, and communication patterns within social media. To visualize
graphs, various techniques have been developed in the graph draw-
ing and information visualization literature (see e.g., [18, 19, 48] for
surveys).

Node-link diagrams are perhaps one of the most popular and
intuitive graph visualization methods, where nodes are represented
as points and edges as lines. However, drawing a graph with an
arbitrary node-link diagram, on its own, does not necessarily lead
to insight into its underlying data. The layout of nodes and edges
strongly influences how a graph and its underlying data are under-
stood. Therefore, an important point in graph drawing is “not simply
drawing a graph but how the graph is drawn” [18]. Depending on
the structure of the data and the nature of the application domain,
various styles of layouts, such as force-directed, circular, orthogonal,
and hierarchical, have been developed. Since no universal layout
algorithm exist that can produces good results for all types of graphs,
we ask a different question instead: Can we put a large number of
classic graph drawing algorithms in a unifying framework?

Even though many layout algorithms have been developed since
Tutte [50] first introduced his barycenter method in 1960, the graph
drawing problem remains an active area of research. Recently, ap-
plying machine learning techniques to graph drawing has started
to gain traction (e.g. [30, 31, 52]). Many of these approaches rely
on classic graph drawing algorithms to generate a training dataset,
and then utilize machine learning models to learn from the training
dataset. However, the training process can be time-consuming, its
performance relies heavily on the similarity between the training
and testing datasets, and the models typically do not generalize for
different graphs and different layouts (e.g. [31]). We take a different
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perspective: What are the different ways classic graph drawing al-
gorithms can be reinvented or transformed using machine learning?

In this paper, instead of a deep-learning-flavored approach
(e.g. [31, 52]) that relies on training datasets, we take a broader view
of learning and focus on the paradigm of reinforcement learning,
where we learn to “choose the correct actions based on the outcomes
of previous actions in similar situations” [7]. Specifically, we in-
terpret the graph drawing problem as a multi-agent reinforcement
learning (MARL) problem.

We first demonstrate that a large number of classic graph drawing
algorithms, including force-directed layouts, stress majorization,
and incremental layouts, can be interpreted within the framework of
MARL. We achieve this interpretation by assigning agents to nodes
with reward functions that are derived from classic layout algorithms.
An aesthetically pleasing layout that is comparable to the classic
algorithm is obtained via multi-agent reward maximization. We then
propose a set of novel graph drawing algorithms by introducing a
diverse set of reward functions. To the best of our knowledge, this is
the first time reinforcement learning is utilized in graph drawing.

We investigate the effectiveness of the proposed framework
through both qualitative and quantitative evaluations based on es-
tablished metrics. We develop a tool call MARLL (pronounce as
“Mar Roll”, which stands for Multi-Agent Reinforcement Learning
Layouts) to demonstrate the utility of our MARL approach. MARLL
is available via Github1. It implements a set of classic layout algo-
rithms and their MARL counterparts and allows the comparison of
their resulting layouts across synthetic and real world datasets.

In summary, our contributions include:

• A novel, unifying framework that interprets a large number of
classic graph drawing algorithms with MARL.

• A method for recombining existing and deriving new layout
algorithms based on a diverse set of reward functions.

• A demonstration of the effectiveness of our method via quali-
tative and quantitative evaluations.

• An open-source tool that implements and demonstrates various
classic and MARL layouts that facilitates visual comparisons.

2 RELATED WORK

A number of studies have applied machine learning to graph drawing,
see [51] for a survey. We classify these studies based on the models
they employ, namely, evolutionary learning, neural networks/deep
learning, and other approaches. We also give a brief overview of
related work in reinforcement learning. To the best of our knowledge,
this is the first time reinforcement learning is used to study graph
drawing algorithms.

Evolutionary learning. Evolutionary algorithms are one of the
early machine learning approaches for graph drawing. The positions
of vertices in a graph layout represent the genotypes of individuals.
The fitness function is a weighted sum of functions that measures
how well a drawing accommodates certain aesthetic criteria [41].
Based on a fitness function, best candidate layouts are selected at
each step. Crossover and mutation processes are then applied to the
candidates to generate a new layout until the layout converges.

1https://github.com/kinimesi/marl-layout-demo
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The approaches that use evolutionary learning can be further
classified into two categories: independent from or dependent on
user interactions. Approaches in the first category automatically
compute the layout of a given graph without any user interaction
(e.g., [28,46,49]). The fitness function encodes various aesthetic cri-
teria, such as minimizing node overlaps (e.g., [27, 28]), minimizing
the number of edge crossings (e.g., [28, 49]), and maximizing the
uniformity of edge lengths (e.g., [27, 49]), see [41] for a survey.

Many approaches in the second category follow a similar pipeline
via evolutionary learning with user interactions (e.g. [1, 32, 41, 46]):
users are first asked to rate a set of graph layouts; a fitness function
that reflects their preferences is learned based on user feedback, and
then a layout is produced from the fitness function. In the work
by Masui [32], users provided the system with pairs of good and
bad layout examples, and the system inferred the fitness function
from these examples, which then evolved via genetic programming.
Rosete-Suarez et al. [41] built a system that acquires user preferences
either from user evaluations or from user actions.

Neural networks for graph drawing. Cimikowski and Shope [8]
presented a parallel neural network algorithm for minimizing the
number of edge crossing of nonplanar graphs in a linear embedding.
Each edge in the graph is associated with an “up” or ”down” neuron,
which represents an embedding of the edge in the upper or lower
half-plane [8]. Two kinds of forces – excitatory and inhibitory forces
– push the neurons iteratively to a state that minimizes the number of
edge crossings [51]. Their system does not build a neural network
for learning purpose, but rather it models the graph structure as a
neural network coupled with an energy system [51].

Wang et al. [52] proposed a graph-LSTM-based model to learn
and predict the drawing of an input graph. LSTM (long short-term
memory) is a popular version of recurrent neural networks (RNNs).
Using a set of layout examples as the training dataset, a LSTM model
was trained to learn the characteristics of the training dataset and its
corresponding algorithm-specific parameters for determining desir-
able graph drawings. In particular, direct connections were added
between different LSTM cells to explicitly model the topological
structure of input graphs. Given a new input graph, the trained model
was then used to generate a graph drawing with visual properties
similar to those of the training dataset.

Kwon and Ma [31] introduced a deep generative model based on
VAEs (variational autoencoders) [23] that systematically visualizes
a graph in diverse layouts. They present an encoder-decoder archi-
tecture to learn a VAE from a collection of example layouts, where
the encoder represents training examples in a latent space and the
decoder generates layouts from the latent space. A what-you-see-is-
what-you-get (WYSIWYG) interface was constructed by mapping
the generated samples onto the 2D latent space. Such an interface
allowed users to navigate and generate among various representa-
tive layouts without adjusting parameters of layout methods [31].
However, although a trained model could generate different layouts
for the same input graph, a new model needs to be trained for each
new input. Generalizing such a model to an unseen graph remains
challenging.

Other machine learning approaches for graph drawing. Kwon
et al. [30] proposed a machine learning approach to the graph draw-
ing problem that gives the user an idea of “what a graph would look
like” in a particular layout. Given an input graph, they did not com-
pute its layout directly. Instead, they found the most topologically
similar graph to the input graph using graphlet frequency, and then
displayed its pre-computed layout. Their method can be quite useful,
especially when an input graph is large and the user is interested only
in an approximated layout. However, their method needs a training
dataset that includes the layouts of many graphs and their quality
metrics, which require a considerable amount of time to generate.

Reinforcement learning. A foundational idea underlying theories

of learning and intelligence is learning from interaction, and re-
inforcement learning (RL) is its corresponding computational ap-
proach [47]. There have been many recent advances in applying RL
to well-known sequential decision-making problems; see [47] for an
introduction and [21, 55] for surveys. Successful applications of RL
include the AlphaGo system, which defeated a professional human
Go player [44, 45], robotics control [25], playing card games [4],
and autonomous driving [43]. RL systems are divided into two cate-
gories, single-agent RL and multi-agent RL. As the name suggests,
they differ by the number of agents operating in the system and the
associated RL algorithms. We give some technical background on
these systems in Sect. 3. To the best of our knowledge, RL has not
been applied in graph drawing as presented in this paper.

3 TECHNICAL BACKGROUND

3.1 Graph Drawing
An unweighted, undirected graph G = (V,E) consists of a node set
V and an edge set E ⊆V ×V connecting pairs of nodes. Let |V |= n
and |E|= m. The problem of graph drawing is to find a graph layout
– a set of coordinates pv for each node v ∈V – such that the drawing
is aesthetically appealing [20]. In this paper, we consider 2D graph
drawings where pv ∈ R2. We also assume that edges are drawn as
straight lines, and nodes have uniform sizes and circular shapes.

Force-directed layout. Force-directed graph layout is a class of
algorithms that is widely used for simple undirected graphs [18, 26].
The graph is modeled as a physical system where nodes are attracted
and repelled based on various force formulations.

Eades’s spring-embedder inspired many force-directed layout
algorithms [13]. He proposed a mechanical model in which the
nodes are represented with steel balls and the edges with springs.
The nodes are placed with a random configuration and released. The
force on each node in the system is the sum of repulsive forces from
all nodes and attractive forces from adjacent nodes. A layout is
obtained once the system reaches equilibrium.

FR layout. Fruchterman and Reingold presented a modification
of the spring-embedder model of Eades with increased speed and
simplicity [15] (referred to as a FR layout in this paper). Their
principles for graph drawing remain applicable even today: “nodes
connected by an edge should be drawn near each other” and “nodes
should not be drawn too close to each other” [15]. Fruchterman
and Reingold were concerned with aesthetic criteria, including even
node distribution, minimized edge crossings, uniform edge lengths,
inherent symmetry, and conforming the drawing to a given frame. In
their model, the nodes are represented as atomic particles or celestial
bodies that “exert attractive and repulsive forces on one another” to
induce movement [15].

First, the attractive forces and repulsive forces between a pair of
nodes u and v are calculated with

fa(u,v) =
d(u,v)2

k
, (1)

fr(u,v) =
−k2

d(u,v)
, (2)

where d(u,v) := ||pu− pv|| is the distance. Equation (1) is computed
for (u,v) ∈ E and Equation (2) is for all pairs of nodes. k is the
optimal distance between nodes; it is calculated as k = C

√
area
|V | ,

where area is the size of the drawing canvas and the constant C is
found experimentally. Then, the notion of temperature is added to
control the displacement of nodes, so that as the layout becomes
better, the adjustments of the nodes become smaller with respect to
the decreasing in temperature [26].

DGC layout. Dogrusoz et al. [12] proposed another spring-
embedder variant for laying out general graphs with non-uniform



node sizes and compound nodes (referred to as a DCG layout here).
Their force model also consists of both attractive and repulsive
forces, calculated as

fa(u,v) =
(λ −d(u,v))2

ζ
, (3)

fr(u,v) =
µ

d(u,v)2 (4)

where λ is the ideal edge length, ζ is the elastic constant of the
edge, and µ is the repulsion constant. Similar to Fruchterman and
Reingold, they also limited the maximum node displacement based
on a temperature cooling schema.

Stress majorization. Gansner et al. [17] proposed to perform en-
ergy optimization with stress majorization. Their stress function is
defined as

E = ∑
u<v

wu,v(d(u,v)−d′(u,v))2 (5)

where d′(u,v) is the graph-theoretic distance between u and v,
and wu,v is the normalization constant, which equals d′(u,v)−2.
This stress function can be globally optimized via majorization (a
method from multidimensional scaling), which is guaranteed to con-
verge [26]. This approach can also improve the layout quality and
running time in practice [17]. Zheng et al. [56] used stochastic
gradient descent to minimize the same stress function.

3.2 Multi-Agent Reinforcement Learning
We review the technical formulations for finite single-agent rein-
forcement learning (SARL) and its multi-agent counterpart follow-
ing the notations from the survey of Zhang et al. [55] with minor
modifications based on the work of Busoniu et al. [5].

SARL. In a dynamic environment, an RL agent is an algorithmic
component that learns by interacting with the environment via trials
and errors [21]. An agent senses the state of the environment and
takes an action; its purpose is to reach its goal by taking actions that
maximize its associated reward [47]. Such a process can be modeled
as a Markov decision process (MDP).

Formally, a SARL system can be formulated as an MDP via a
tuple (S,A,P,R,γ) [55]:

• S is the state space that contains states of the environment.
• A is the action space consisting of actions available to the

agent.
• P(s,a,s′) is the transition probability from any state s ∈ S to

any state s′ ∈ S for any given action a ∈A.
• R(s,a,s′) is the reward function that determines the immediate

reward received by the agent after transitioning from s to s′
with action a.

• γ is the discount factor that balances between the instantaneous
and future rewards.

The behavior of the agent is described by its policy π , which is a
mapping from the state space S to the distribution over the action
space A that describes how the agent chooses its actions given
the state [5]. P , R, and π can be deterministic or stochastic. In
a deterministic model, the next state, the reward, and the policy
are completely determined by the current state-action pair. In the
stochastic model, they are drawn from distributions. We describe
the stochastic model here.

The goal is to maximize the expected discounted accumulated
reward by finding a policy π [55],

E
[

∑
t≥0

γ
tR(st ,at ,st+1)

∣∣∣∣at ∼ π(st),s0

]
, (6)

where at ∼ π(st) is the action drawn from the policy, and the expec-
tation is taken over st+1 ∼ P(st ,at ,st+1).

One way to achieve this maximization is by computing an optimal
Q-function (i.e., action-value function) for a state-action pair (s,a)
by capturing its expected return given the policy π [5]:

Qπ (s,a) = E
[

∑
t≥0

γ
tR(st ,at ,st+1)

∣∣∣∣at ∼ π(st),a0 = a,s0 = s
]
.

(7)

Various RL methods have been developed to find a good estimate of
the optimal Q-function. The (approximate) optimal policy can then
be obtained by taking the ε-greedy action of the Q-function estimate.
One of the most popular methods for estimating the optimal Q-
function is the Q-learning algorithm [53]. For a given agent that
takes action a from state s to state s′ and gets a reward r =R(s,a,s′),
the algorithm adjusts the estimated value of Q-function as

Q̂π (s,a)← (1−α)Q̂π (s,a)+α
[
r+ γ max

a′
Q̂π (s′,a′)

]
(8)

where α is the learning rate, and γ is the discount factor. The
approximate optimal policy is obtained by taking the greedy action
of the Q-function estimate [55]. That is, an agent picks for every
state s the action a with the highest value of the Q-function [5].

MARL. Using a generalized version of the MDP, a MARL system
can be formulated as a Markov game (MG). It is specified by a tuple
(N ,S,{Ai}i∈N ,P,{Ri}i∈N ,γ) [55]. N = [1, · · · ,N] denotes the
set of N > 1 agents. Ai and Ri are the state space and the reward
function of agent i, respectively.

MARL systems are mainly divided into three main categories:
fully cooperative, fully competitive, and mixed systems [5, 55].
We implement the fully cooperative version in this paper, as the
name suggests, all the agents share the same reward function and
Q-function. It would be interesting to explore fully competitive
and mixed systems in the future and observe their effect on graph
layouts.

4 METHOD

Our proposed approach models and thus interprets a number of
graph drawing algorithms with MARL. To the best of knowledge,
this is the first time RL is utilized in graph drawing.

4.1 Model Graph Drawings with MARL
We interpret the graph drawing problem with MARL by assigning
an agent to each node. During each step of an iterative process, the
agents can take actions and move toward the direction within the
environment that maximizes their reward function. A graph layout
is obtained via reward maximization.

States and actions. In our model, we divide the state space of a
given agent into a 3×3 grid as shown in Fig. 1. There are in total
nine states. An agent can move from any one of the nine total states
to any other state by taking the relevant action. The action space
consists of nine actions accordingly: stay (do not move), move north,
south, east, west, northeast, northwest, southeast, and southwest,
respectively. All actions are possible from any state.

Reward function. The reward function is the feedback mechanism
for an agent that defines the consequences of the agent’s actions
and facilitates learning by interaction [47]. In many force-directed
and energy-based graph drawing algorithms, the equilibrium state is
obtained by minimizing the energy or the stress of the system. In our
model, we formulate the energy or the stress via a reward function.
Suppose we assign an agent to a node in the graph. The difference of
the force or energy (stress) on each node before and after the action
of an agent is defined to be the reward function for a state-action
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Figure 1: The state and action space of a given agent. An agent can
take any action from any state.

pair. Specifically, for force-based formulation, the reward function
for an agent v at time (i.e., iteration) t is defined as

Rv(t) = ‖Fv(t−1)‖−‖Fv(t)‖, (9)

where Fv(t) is the total force on node v at time t, || · || is the vector
norm. For energy-based formulation, the reward function is

Rv(t) = Ev(t−1)−Ev(t). (10)

The goal of any agent is to maximize its reward by moving the
corresponding node around according to a policy that is learned by
interacting with the environment. The formulations in Equation (9)
and Equation (10) provide a general framework to interpret a number
of graph drawing algorithms that are based on physical simulations.
In Sect. 4.2, we discuss how different algorithms can be interpreted
with this formulation.

Finding optimal policy. In MARL, Q-learning is an iterative
approximation procedure that estimates the optimal value func-
tion [5, 53]. For a given agent, the Q-function is given in Equa-
tion (8). At each iteration, the action of an agent is selected based
on an ε-greedy policy [5] (reviewed in Sect. 3). If the associated
reward of an action is positive, then the action is taken by moving
the node to its new position. If the reward is negative, then an ac-
tion is accepted with a small probability to prevent the algorithm
from becoming stuck at a local minimum (similar to a Metropo-
lis–Hastings algorithm). The learning process continues until the
system converges.

Convergence criteria. We consider the convergence of a Q-learning
algorithm as the convergence of its underlying graph layout. We
demonstrate via experiments in Sect. 7 that at convergence, we arrive
at an aesthetically pleasing graph layout. Our model has four criteria
for convergence. The algorithm terminates whenever one of these
criteria is reached. The first criterion M is simply the total number
of (allowable) iterations.

Second, if the average node displacement is less than a predefined
threshold, then the algorithm terminates. The average node displace-
ment A at time t is given by A(t) = ∑v∈V ‖pv(t)−pv(t−1)‖

n , where n is
the number of nodes, and pv(t) is the position of node v at time t.
‖ · ‖ denotes the Euclidean norm.

Third, if the node displacement rate is smaller than a predefined
threshold, then the algorithm terminates. The displacement rate ∆A
at time t is calculated by ∆A(t) = ‖A(t)−A(t−1)‖.

Finally, we utilize the stress ratio as a termination criterion ac-
cording to Gansner et al. [17], when the reward function is based
on the energy of the system. That is, the algorithm terminates if
the stress ratio falls below a predefined threshold. The stress ratio
δE at time t is given as δE(t) = E(t)−E(t−1)

E(t) , where E(t) is the total
energy of the system at time t.

4.2 Interpret Classical Layouts With MARL
In Equation (9) and Equation (10), we present a general formula
for the reward function. We now discuss how to interpret a number
of classical graph drawing algorithms with MARL based on such a
formulation. For the FR and DCG layouts, the reward function for
agent v at time t follows Equation (9). For the stress majorization,
the reward function is given by Equation (10).

FR layout. The layout algorithm proposed by Fruchterman and
Reingold [15] can be adjusted to our model by rewriting the total
force on node v at time t as Fv(t) =∑(u,v)∈E f t

a(u,v)+∑u∈V f t
r (u,v),

for attractive forces f t
a and repulsive forces f t

r at time t. Fv(t) can
be written as

Fv(t) = ∑
(u,v)∈E

dt(u,v)
2

k
+ ∑

u∈V

−k2

dt(u,v)
, (11)

where dt(u,v) is the distance between u and v in the layout at time t.

DGC layout. Similarly, for the algorithm proposed by Dogrusoz et
al. [12], the total force on node v at time t is written as

Fv(t) = ∑
(u,v)∈E

(λ −dt(u,v))
2

ζ
+ ∑

u∈V

µ

dt(u,v)2 . (12)

Stress majorization. The optimization of the stress function used
by Gansher et al. [17] can be formulated in two ways via MARL:
optimizing the local stress on each agent, or optimizing the global
stress via the action of an agent. To optimize the local stress on each
agent, we define the local stress for agent v at time t as

Ev(t) = ∑
u∈N(v,p)

wu,v(dt(u,v)−d′t (u,v))
2, (13)

where N(v, p) denotes the nodes that are in the p-hop neighborhood
of v. That is, u ∈ N(v, p) is at most p hops away from v.

Alternatively, we also provide the global stress function as the
objective for each agent and rewrite Equation (13) as

Ev(t) = ∑
u<v

wu,v(dt(u,v)−d′t (u,v))
2. (14)

The reward function for agent v at time t is Rv = Ev(t−1)−Ev(t),
where Ev(t) is either the local or the global stress function.

4.3 Derive New Algorithms with Aesthetic Criteria
A main advantage of our MARL model for graph drawing is its
generality, that is, the ability to create new layout algorithms by
customizing, for each agent, its reward function, as well as its state
and action spaces. In the most general form, a reward function Rv

on an agent v at time t can be used not only to encode forces and
energy on the node (as shown in Sect. 4.2), but also to incorporate
various aesthetic criteria for graph layouts.

On a highlevel, a quality measure Q for a graph layout is defined
to be a linear combination of aesthetic criteria,

Q = ∑
i

ωiqi, ∑
i

ωi = 1 (15)

where qi is the i-th aesthetic criterion, ωi is its coefficient. Potential
aesthetic criteria include the number of edge crossings, the amount
of node overlaps, the distance between non-adjacent nodes, edge
length variance, and the cumulative deviation of edge angles from
the ideal values. These aesthetic criteria have been widely used in
the evolutionary graph layout algorithms (e.g., [3, 32, 41, 49]). The
coefficients could be determined empirically [49] or learned using



genetic programming [32], as Q is related (but not equivalent) to the
fitness of a graph layout.

In this paper, we experiment with a few aesthetic criteria from [49]
and [32] below. The main idea is to define a local quality measure
Qv to be associated with each agent v, and subsequently to encode
Qv in the reward function Rv.

Edge length variance. For a given graph layout, the edge
length variance measures the mean relative square error of edge

lengths [49], σ = 1
|E| ∑e∈E

(
‖e‖−L

L

)2
, where ‖e‖ is the length of an

edge and L is the desired edge length. σ can be modified locally

for a single agent v, σ v = 1
|Ev| ∑e∈Ev

(
‖e‖−L

L

)2
, where Ev represents

edges incident to node v.

Edge angle deviation. The edge angle deviation captures the cu-
mulative square deviation ∆ of edge angles from their ideal val-

ues [49], ∆ = ∑v∈V ∑
|Ev|
k=1

(
ψk(v)− 2π

|Ev|

)2
, where Ev contains edges

incident to v, and ψk(v) are the angles between adjacent edges in
Ev. For an agent v, we can derive its local edge angle deviation as

∆v = ∑
|Ev|
k=1

(
ψk(v)− 2π

|Ev|

)2
.

Node overlaps. For a given graph layout, let ϕ represents the total
number of node overlaps. Let u < v denote an ordering among
distinct vertices u,v ∈V .

ϕ = ∑
u∈V,v∈V,u<v

{
1, if u and v overlap;
0, otherwise.

(16)

For an agent v, the number of node overlaps local to v, denoted as
ϕv, is the number of nodes in V that overlaps with v,

ϕ
v = ∑

u∈V,u 6=v

{
1, if u overlaps with v;
0, otherwise.

(17)

Edge crossings. Let χ represent the total number of edge crossings.
For agent v, the number of edge crossings local to v is defined as

χ
v = ∑

ei∈Ev

∑
e j∈E

{
1, if ei and e j cross in their interior;
0, otherwise;

(18)

where Ev represents edges incident to node v.

Minimum distance between nodes. The aesthetic criteria η en-
sures that there is enough space between nodes [32]. For agent v,
the local version of η is defined as

η
v = ∑

u∈V

{
L−d(u,v), if d(u,v)< L;
0, otherwise;

(19)

where L is the expected minimum distance between nodes.

Local quality measure. Given the above aesthetic criteria, we
derive a local quality measure for an agent v as

Qv = ω1ϕ
v +ω2χ

v +ω3η
v +ω4σ

v +ω5∆
v. (20)

We then define a reward function Rv,

Rv(t) = Qv(t−1)−Qv(t), (21)

based upon Qv evaluated at time t − 1 and t. Notice that Equa-
tion (21) takes a similar form as Equation (9) and Equation (10).

4.4 Extensions to Incremental and Hybrid Layouts
Finally, our MARL model can be employed to interpret incremental
graph layout algorithms. In incremental layouts, instead of com-
puting a new layout for the entire graph, only a small part of the
graph is rearranged, and the positions of the remaining nodes stay
(roughly) the same [34,35]. Incremental layouts are important for
maintaining a mental map of the users, which helps them keep track
of changes in the graph [37]. Incremental layouts can also be used
for online dynamic graphs [2, 9].

Our MARL model can be modified in various ways to act as an
incremental layout algorithm. One obvious approach would be to
lock a node (or nodes) that we do not want to move by limiting the
action space of its agent (to only contain the “stay” action). Another
approach is to modify the reward function, that is, nodes are still
allowed to move, but any action other than the “stay” action has a
lower reward. Restricting the state and action spaces of our MARL
model will allow us to create an incremental version of most classical
graph drawing algorithms; see the supplementary video for a demo.

Finally, an additional advantage of our MARL model is that
the reward function is highly customizable. For instance, a hybrid
reward function can be created by taking a linear combination of
force-based, energy-based, and/or aesthetic-based rewards, which
is difficult to do with classic layout algorithms. As an example, we
can create a new layout algorithm that is a hybrid of a FR layout and
stress majorization:

Rv(t) = β (Fv(t−1)−Fv(t))+(1−β )(Ev(t−1)−Ev(t)), (22)

where β is the weight, Fv(t) and Ev(t) are given in Equation (11)
and Equation (13), respectively.

5 ALGORITHM AND IMPLEMENTATION

The proposed MARL framework for graph drawing is sketched
in algorithm 1. This general framework is applicable to the MARL
versions for DCG layout, FR layout, and stress majorization as well
as to MARL layouts with hybrid and customized rewards.

Algorithm 1: MARL Graph Layout
input :A graph G(E,V ), a reward function R
output :The position of each node v ∈V

1 // initialization
2 for v ∈V do
3 create and assign an agent to node v;
4 initialize the location of v randomly;

5 // iterative layout procedure
6 while not converged do
7 for v ∈V do
8 // obtain reward for the agent
9 Rv ← calculateReward(v);

10 // obtain the next action for the agent
11 av ← getNextAction(v);
12 // update the location of node
13 v← moveNode(v, av);
14 // update the reward of the agent
15 Rv ←Rv - calculateReward(v);
16 updateRewardTable(v, Rv);

The calculateReward function evaluates the force-based, energy-
based, or customized reward for a given agent. The getNextAction
function returns the next action based on the greedy policy of
an agent. Once the next action is obtained, the node controlled
by an agent is moved in the direction of the given action via



moveNode. The updateRewardTable updates the Q-function val-
ues based on Equation (8).

The proposed MARL framework API is implemented as a Cy-
toscape.js [14] extension in JavaScript in combination with REIN-
FORCEjs2, a reinforcement learning library. For reproducibility,
parameter settings for all graph drawing algorithms described in this
paper is detailed in Appendix A.

6 A VISUAL DEMO VIA MARLL
In addition to an API, we also provide an open-source, interac-
tive tool called MARLL. MARLL demonstrates the capabilities
of our MARL algorithm, evaluates and compares the resulting
graph layouts against classic layout algorithms. It is built with
HTML/CSS/Javascript stack with Cytoscape.js, D3.js and JQuery
Javascript libraries. MARLL allows users to experiment with the
MARL framework by providing their own graph files or choosing
among existing sample graphs. Its user interface is shown in Fig. 2.
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Figure 2: The interactive user interface of MARLL.

The user interface consists of three main panels. Panel (a) con-
tains statistics and quality metrics used to evaluate current graph
layouts quantitatively. To facilitate layout comparisons, the inter-
face provides two adjacent linked views – panel (b) and panel (c) –
that visualize a graph with two different layout algorithms side-by-
side. Elements (nodes and edges) highlighted in panel (b) will be
highlighted in panel (c), and vice versa. Panel (d) allows users to
change the sizes of nodes in either view. Users can also use panel
(e) to modify the parameters of the selected layout algorithms. The
nodes are colored based on their indices using Turbo, an improved
rainbow [33] colormap, which helps identify corresponding nodes
between the two views.

7 EXPERIMENTS AND EVALUATION

In this section, we perform quantitative and qualitative evaluations
together with runtime analysis. We demonstrate via experiments that
MARL graph layout algorithms produce results that are aesthetically
comparable to those of the classical layout algorithms. At the same
time, MARL layout algorithms are easily generalizable and provide
a unifying framework for a set of classic layout algorithms.

7.1 Datasets
For our experiments, we use 10 graphs with varying types and sizes.
The graphs, descriptions, and sources are given in Table 1.

7.2 Parameter Configurations for Evaluation Purposes
We implement and evaluate classic graph layout algorithms in com-
parison with their MARL counterparts.

Specifically, we include force-directed layouts such as FR layout
by Fruchterman and Reingold [15] and DGC layout by Dogrusoz
et al. [12]; their MARL versions are denoted as MARL FR and

2https://github.com/karpathy/reinforcejs

Table 1: The graphs used in our experiments.

Graph Name Type |V| |E| Source

G1 karate social network 34 78 [29, 54]
G2 bcspwr01 power system 39 46 [11]
G3 synthetic synthetic 44 48 [12]
G4 lesmiserables social network 77 254 [24, 29]
G5 GD99 c graph drawing contest 105 149 [11]
G6 bcspwr03 power system 118 179 [11]
G7 rajat05 circuit simulation 301 952 [11]
G8 GD00 c graph drawing contest 638 1031 [11]
G9 crime moreno social network 829 1473 [11]
G10 maayan-faa flight network 1226 2613 [42]

MARL DGC, respectively. The MARL Custom layout is based on
local quality measure in Equation (21). For a reasonable comparison,
these layout algorithms are ran until convergence with the same
convergence criteria, that is, with displacement rate ∆A = 2 (pixels).
We also include stress majorization (SM) by Gansner et al. [17],
whose MARL counterparts are denoted as MARL Global Stress
and MARL Local Stress, respectively, based on Sect. 4. Their
shared convergence criterion is the stress ratio δE = 0.0001. Finally,
we create a hybrid reward function in the MARL setting (MARL
Hybrid), where the algorithm converges based on both displacement
rate and stress ratio (whichever comes first).

For each of the layout algorithm, the node positions are initialized
randomly. We run each layout algorithm 100 times and report the
average evaluation measures (such as aesthetic criteria and runtime).
The evaluation is conducted on a laptop machine with an Intel i7-
9850H processor (6 cores at 2.6 GHz) CPU and 64 GB of RAM.

7.3 Quantitative Evaluation
To evaluate the layouts quantitatively, we employ a list of aesthetic
criteria from the literature (e.g. [36, 38, 49]), namely, minimizing
the number of node overlaps, reducing the number of edge cross-
ings [36], maximizing the minimum angle between edges leaving a
node [36] (similar to the the edge angle deviation [49]), and mini-
mizing the mean relative square error of edge lengths [49] (the edge
length variance); see Sect. 4.3 for their definitions.

For comparative purposes, the measurement for each aesthetic
criteria is normalized to be a real number in [0,1] following the
metrics proposed by Purchase [36], where a higher value indicates
a better layout aesthetically. Such a normalization ensures that
“the metric value does not depend on the nature of the underlying
graph” [36].

Normalized edge crossings (NC). Recall |V |= n and |E|= m. Let
χ denote the number of edge crossings in a layout. Let χ∗ de-
note an approximation for the upper bound on the number of edge
crossings [36],

χ
∗ =

m(m−1)
2

− 1
2

n

∑
i=1

deg(vi)(deg(vi)−1). (23)

In Equation (23), the first component is the maximum possible
edge crossings, and the second component is the total number of
impossible crossings (since adjacent edges cannot cross).

The normalized number of edge crossings (abbreviated as NC) is
based on the edge crossings aesthetic metric of Purchase [36],

Nc = 1−

{
χ

χ∗ , if χ∗ > 0;
0, otherwise.

(24)

Normalized node overlaps (NO). Let
(n

2
)
= n(n−1)/2 denote the

maximum number of node overlaps in a layout. Recall ϕ is the



total number of node overlaps, see Equation (16). We define the
normalized number of node overlaps (abbreviated as NO) as

No = 1− ϕ

n(n−1)/2
. (25)

Normalized edge lengths (NE). The normalized edge lengths (ab-
breviated as NE) measure how uniform the edge lengths are. We
define NE as

Ne =
1

1+σ

where σ is the mean relative square error of edge lengths (the edge
length variance).

Normalized edge angles (NA). The normalized edge angle (abbre-
viated as NA) is based on the minimum angle aesthetic metric [36].
It measures how well the edge angles are distributed surrounding a
given node. For instance, for a degree-4 node, the ideal angle is 90
degree. The normalized edge angle is defined as

Na = 1− 1
n

n

∑
i=1

∣∣∣∣θ∗i −θi

θ∗i

∣∣∣∣ , (26)

where θ∗i is the ideal (maximal) minimum angle at the i-th node,
θ∗i = 360◦/deg(vi); and θi is the actual minimum angle between the
incident edges at the i-th node [36].

Results. We use these four metrics (NC, NO, NE, and NA) to
perform quantitative evaluations. The results are given in Table 2
and Table 3, respectively.

In Table 2 , RNC, RNO, RNE, and RNA represent the ratio of
measurements for the MARL version to the classical version, respec-
tively. For example, RNC represents the ratio of the number of edge
crossings for MARL version to the number of edge crossings for
the classical version. The higher the ratios are, the more aestheti-
cally comparable the results are between the MARL layouts and the
classical layouts.

In Table 3, we give quantitative evaluation results using a local
quality measure as the custom reward function (Equation (21)). The
results indicate that our MARL framework with a custom reward
function produces aesthetically comparable layouts in comparison
with other algorithms, shown in Table 2.

The quantitative evaluations show that the MARL layout algo-
rithms produce results very similar to those of their classical counter-
parts in terms of the four quality metrics, independent of the graph
size. The two MARL layout algorithms based on the custom and
hybrid reward functions do not have a classical version for a direct
comparison. However, their quality metrics are close to those for
classical layout algorithms.

7.4 Qualitative Evaluation
We also perform a qualitative evaluation to demonstrate that the
MARL framework produces results aesthetically comparable to
those of the classical layout algorithms. We show examples G4,
G6, and G7 in Fig. 3, where we compare the layouts obtained by
classical algorithms (DGC, FR, and stress majorization) with those
obtained by their MARL versions. We also include layouts obtained
via a MARL hybrid and MARL custom. For each graph, nodes with
the same color correspond to one another. Due to space constraints,
additional layouts for all graphs can be found in Appendix B.

Based on our qualitative evaluation, the classical layout algo-
rithms and the MARL versions produce graph drawings that are
visually alike. For some of the graphs, the results are visually indis-
tinguishable. The layouts of the MARL hybrid layout are as good as
the layouts from the local and global stress MARL algorithm. Since
the MARL layout with a custom reward function does not have
a classical counterpart, its outputs are not expected to be visually
similar to others.

7.5 Runtime Analysis
Finally, we compare the runtime of classic layout algorithms until
convergence against their corresponding MARL versions; see Ta-
ble 4 for force-directed layout algorithms and Table 5 for stress
majorization. We follow the parameter configurations detailed
in Sect. 7.2. When applicable, we report the ratio of runtime of
MARL layouts to their classical counterparts under the same conver-
gence criteria. All runtimes are reported in milliseconds.

The runtimes for the MARL layouts with custom (Equation (21))
and hybrid (Equation (22)) reward functions are provided in Table 6.

In comparison to the classical algorithms, the runtime overhead
for MARL versions is very large for smaller sized graphs, especially
for the MARL layout based on [12] and [17]. However, as the
graph size increases, the difference between the run-time of classical
and their MARL versions decreases. The MARL Hybrid has a
computation time similar to that of the MARL layouts based on
local stress and global stress. Although the MARL Custom does not
have a classical version for comparison, its generally has the slowest
computation time among all MARL layouts.

8 DISCUSSION

In this paper, we propose a novel MARL-based approach to graph
drawing. Our approach interprets several classical force-directed and
energy-based graph drawing algorithms with MARL. Additionally,
it enables derivation of new layout algorithms by providing custom
and hybrid reward functions to the agents of the system.

The main attraction for a MARL formulation is that it is flexible,
and can be adapted to existing and new graph drawing algorithms.
By modeling with MARL, we provide a unifying framework for a
number of classical layout algorithms, which is also easily generaliz-
able to create custom and hybrid layout algorithms. Our evaluation
results demonstrate that the MARL graph drawing algorithms gen-
erate comparable results to their classical counterparts; with some
amount of computational overhead. We hope this work will inspire
more research in adapting RL for graph drawing.

We end our paper with some further discussion on scalability.
It is well known that most MARL algorithms have exponential
computation complexity in the joint state-action space [57]. That
is, the size of the state-action space is exponentially large in the
number of agents [40]. Since we utilize the MARL framework in
graph drawing, our framework inherits the exponential complexity
of MARL [6] in terms of the number of nodes in a graph, making
the graph drawing difficult to scale to really large graphs.

However, not all hope is lost for scalability. Recent work by Qu
et al. [39,40] identified a class of networked MARL problems where
“the model exhibits a local dependence structure that allows it to
be solved in a scalable manner”. In particular, if a MARL model
enforces local interactions, that is, agents are “associated with a
graph and they interact only with nearby agents in the graph” [39],
then it is possible to utilize the graph structure to develop scalable
MARL algorithms [39, 40]. This localized policy fits well with
our MARL graph drawing framework. In this paper, we focus on
showing the feasibility of MARL for graph drawing; we leave it for
future work to address its scalability challenge.
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Figure 3: Qualitative results for Q4 (top), G6 (middle) and Q7 (bottom) for DGC layout, FR layout, stress majorization (SM), and their MARL
versions; as well as MARL hybrid and MARL custom versions.



Table 2: Quantitative evaluation results for classical force-directed layouts, stress majorization, and their MARL versions.

Graph DGC MARL DGC FR MARL FR
NC NO NE NA NC NO NE NA RNC RNO RNE RNA NC NO NE NA NC NO NE NA RNC RNO RNE RNA

G1 0.96 1 0.91 0.24 0.91 0.99 0.85 0.22 0.95 0.99 0.93 0.91 0.96 1 0.93 0.25 0.95 0.97 0.86 0.23 0.99 0.97 0.93 0.91
G2 1 1 1 0.73 0.95 1 0.93 0.65 0.95 1 0.93 0.89 1 1 1 0.73 0.99 0.99 0.91 0.64 0.99 0.99 0.91 0.88
G3 1 1 1 0.83 0.96 1 0.96 0.77 0.96 1 0.96 0.93 1 1 1 0.81 0.99 0.99 0.9 0.73 0.99 0.99 0.9 0.9
G4 0.96 1 0.86 0.35 0.92 0.99 0.8 0.33 0.96 0.99 0.92 0.93 0.97 1 0.89 0.37 0.95 0.98 0.79 0.34 0.99 0.98 0.89 0.92
G5 1 1 0.99 0.72 0.96 1 0.92 0.64 0.96 1 0.92 0.88 1 1 0.99 0.71 0.98 0.99 0.89 0.62 0.98 0.99 0.9 0.87
G6 1 1 0.98 0.54 0.95 0.99 0.91 0.5 0.95 0.99 0.94 0.93 1 1 0.97 0.54 0.97 0.99 0.87 0.48 0.98 0.99 0.89 0.89
G7 0.99 1 0.9 0.34 0.93 0.99 0.82 0.32 0.93 0.99 0.91 0.93 0.99 1 0.9 0.34 0.97 0.99 0.84 0.31 0.98 0.99 0.92 0.93
G8 0.99 1 0.88 0.61 0.89 0.99 0.81 0.55 0.9 0.99 0.92 0.89 0.99 1 0.88 0.62 0.94 0.99 0.86 0.56 0.95 0.99 0.98 0.9
G9 0.97 1 0.88 0.5 0.87 0.99 0.81 0.44 0.9 1 0.92 0.88 0.97 1 0.89 0.5 0.93 0.99 0.87 0.45 0.95 0.99 0.98 0.9
G10 0.99 1 0.87 0.43 0.85 1 0.84 0.37 0.86 1 0.97 0.85 0.99 1 0.87 0.44 0.92 0.99 0.84 0.39 0.93 0.99 0.96 0.89

Graph SM MARL Local Stress MARL Global Stress MARL Hybrid
NC NO NE NA NC NO NE NA RNC RNO RNE RNA NC NO NE NA RNC RNO RNE RNA NC NO NE NA

G1 0.96 1 0.93 0.25 0.95 0.99 0.86 0.22 0.99 0.99 0.92 0.88 0.95 0.99 0.86 0.22 0.99 0.99 0.92 0.87 0.95 0.99 0.86 0.22
G2 1 1 1 0.73 0.99 1 0.91 0.67 0.99 1 0.91 0.92 0.99 1 0.9 0.66 0.99 1 0.91 0.91 0.99 1 0.91 0.67
G3 1 1 1 0.81 0.99 1 0.92 0.77 0.99 1 0.92 0.94 0.99 1 0.92 0.76 0.99 1 0.93 0.94 0.99 1 0.92 0.76
G4 0.97 1 0.89 0.37 0.95 0.99 0.83 0.32 0.98 0.99 0.93 0.87 0.95 0.99 0.83 0.32 0.98 0.99 0.93 0.88 0.94 0.99 0.84 0.32
G5 1 1 0.99 0.71 0.99 1 0.89 0.65 0.99 1 0.9 0.92 0.99 1 0.91 0.65 0.99 1 0.92 0.91 0.99 1 0.9 0.65
G6 1 1 0.97 0.54 0.98 1 0.9 0.49 0.99 1 0.93 0.91 0.99 1 0.88 0.48 0.99 1 0.9 0.9 0.98 1 0.9 0.5
G7 0.99 1 0.9 0.34 0.99 1 0.81 0.3 1 1 0.9 0.88 0.99 1 0.82 0.29 0.99 1 0.9 0.87 0.99 1 0.82 0.3
G8 0.99 1 0.88 0.62 0.98 1 0.79 0.58 0.99 1 0.89 0.93 0.98 1 0.79 0.57 0.99 1 0.89 0.93 0.98 1 0.79 0.58
G9 0.97 1 0.89 0.5 0.96 1 0.8 0.46 0.99 1 0.9 0.91 0.96 1 0.81 0.46 0.99 1 0.92 0.91 0.96 1 0.78 0.46
G1 0.99 1 0.87 0.44 0.98 1 0.76 0.37 0.99 1 0.87 0.86 0.98 1 0.77 0.37 0.99 1 0.88 0.86 0.98 1 0.77 0.37

Table 3: Quantitative evaluation results for MARL layouts based on
custom reward function.

Graph MARL Custom Reward

NC NO NE NA

G1 0.931 0.989 0.875 0.243
G2 0.963 0.992 0.896 0.581
G3 0.96 0.993 0.859 0.687
G4 0.931 0.993 0.779 0.357
G5 0.951 0.994 0.849 0.591
G6 0.936 0.993 0.825 0.456
G7 0.962 0.996 0.778 0.29
G8 0.91 0.996 0.767 0.559
G9 0.913 0.996 0.753 0.459
G10 0.937 0.997 0.774 0.397

Table 4: Runtimes in milliseconds for classical and MARL force-
directed layouts.

Graph Runtime of Force Directed Layouts

DGC MARL
DGC

Ratio
DGC

FR MARL
FR

Ratio
FR

G1 72 438 6.05 140 352 2.51
G2 74 458 6.17 157 397 2.53
G3 85 582 6.85 304 481 1.58
G4 285 1744 6.11 606 1011 1.67
G5 276 1953 7.08 705 886 1.26
G6 328 2563 7.81 884 1008 1.14
G7 3598 16810 4.67 4030 5052 1.25
G8 15383 68801 4.47 13688 18597 1.36
G9 34347 82755 2.41 26890 32378 1.2
G10 70100 143892 2.05 54684 68022 1.24

[4] N. Brown and T. Sandholm. Libratus: The superhuman ai for no-limit
Poker. Proceedings of the 26th International Joint Conference on
Artificial Intelligence, pages 5226–5228, 2017.

Table 5: Runtimes in milliseconds for classical stress majorization
algorithm and its MARL variants.

Graph Runtime of Stress Majorization Layouts

SM MARL
Local
Stress

Ratio
Local
Stress

MARL
Global
Stress

Radio
Global
Stress

G1 17 126 7.46 135 7.99
G2 20 177 8.88 187 9.36
G3 25 249 9.95 257 10.27
G4 64 398 6.42 386 6.23
G5 50 550 10.96 605 12.07
G6 65 630 9.74 633 9.79
G7 544 5154 9.48 5235 9.63
G8 6700 25696 3.84 26050 3.89
G9 10884 42274 3.88 42730 3.93
G10 36360 118486 3.26 121637 3.35

Table 6: Runtimes in milliseconds for the MARL layouts with custom
and hybrid reward functions.

Graph Runtime of Hybrid and Custom

MARL Hybrid MARL Custom

G1 128 394
G2 186 454
G3 269 474
G4 430 1552
G5 702 1110
G6 746 1725
G7 6304 12112
G8 30764 126504
G8 45681 232724
G10 138034 752484
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A IMPLEMENTATION DETAILS

We provide additional implementational details for reproducibility.
The implementation of the FR layout and stress majorization is pro-
vided by Graphviz [16]. The DCG layout is available as part of
Cytoscape.js. We implement MARL counterparts of these classical
layout algorithms based on the formulation discussed in Sect. 4.2
and by modifying and integrating the library REINFORCEjs with
Cytoscappe.js. In particular, we implement both local and global
stress for stress majorization. We make a distinction between param-
eter settings for each layout algorithms in general and the conver-
gence criteria for comparative analysis in Sect. 7.

FR, DCG, Stress Majorization and their MARL counterparts.
For FR and MARL FR algorithms, the optimal edge length k =
30. The parameters of DGC and MARL DGC algorithms include:
λ = 30, ζ = 5, and µ = 5000. For MARL Local Stress algorithm,
p = 10.

MARL custom layouts. To derive new layout algorithms, we use
formulation based on the local quality measure in Equation (21)
and implement the customized reward based on Equation (20). The
default weight for each metric is determined using a grid search
that maximizes the local quality measure for a fixed small graph:
ω1 = 0.35, ω2 = 0.20, ω3 = 0.10, ω4 = 0.25, and ω5 = 0.10. The
values of desired edge length and expected minimum node distance
in MARL Custom layout algorithm are set to 30.

MARL hybrid and incremental layouts. For our MARL hy-
brid implementation, the hybrid reward function is based on Equa-
tion (22) with β = 0.5. We also include a MARL-based incremental
layout algorithm in MARLL.

Convergence parameters. In our graph layout framework, there
are four parameters to configure for the convergence criterion; the
number of maximum iterations M, average node displacement A,
displacement rate ∆A, and the stress ratio δE.

Historically, Eades [13] asserted that all graphs reach to a minimal
energy level after 100 iterations. Dogrusoz et al. [12] used 2500
as the number of maximum iterations in their implementation. We
found that using the same value M = 2500 in our algorithms is a
good balance between the maximum amount of running time and
layout quality. We determined the threshold values of average node
displacement and displacement rate empirically as A = 5 and ∆A = 2
(pixels). Kamada and Kawai terminated their energy-based graph
drawing when an energy threshold (referred to as a convergence pre-
cision) is reached [22]. However, they did not provide information
on how the threshold is determined. Gansner et al. [17] suggested
0.0001 as a typical value for stress ratio tolerance. We use the same
suggested value for our algorithms, that is, δE = 0.0001.

All these parameter values achieve aesthetically pleasing layouts
in a reasonable amount of time. In addition, all convergence param-
eters can be configured both in the layout library API and from the
user interface of the tool MARLL itself.

Node displacement with cooling schedule. Fruchterman and Rein-
gold added the notion of “temperature” and “cooling” in their pro-
posed algorithm [15]. The maximum amount of node displacement
is limited by the temperature, and the temperature is decreased over
time by using a cooling factor. The idea is that as the layout becomes
better over time, smaller and smaller adjustments are needed, which
is similar to a cooling process [15, 26]. Similar cooling schedule is
used by Davidson and Harel [10], and Dogrusoz et al. [12].

Davidson and Harel used a geometric rule for adjusting the tem-
perature: Tt+1 = τ ∗Tt , where τ is the cooling factor, and they set it
to 0.75 to achieve a relatively rapid cooling [10]. Their temperature
reduction schedule is based on the input size.

In our work, we utilize the temperature and cooling for all MARL
layout algorithms to determine how much a node moves when an

action is taken. Initially, each node can move by 10 pixels in each
direction, and when the layout progresses the movement is gradually
decreased. The cooling rule is the same one used by Davidson
and Harel [10]. We reduce the temperature after every |V |+ |E|
iterations.

B QUALITATIVE EVALUATION: COMPUTE RESULTS

We provide complete results of the qualitative evaluation to demon-
strate that the MARL framework produces aesthetically comparable
results to the classical layout algorithms. We show examples G1
to G5 in Fig. 4, as well as G6 to G10 in Fig. 5 where we compare
the layouts obtained by classical algorithms (DGC, FR, and stress
majorization) with those obtained by their MARL versions. We also
include layouts obtained via a MARL hybrid and MARL custom
for all graphs in Fig. 6 . For each graph, nodes with the same color
correspond with one another.
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<latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit><latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit><latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit><latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit>

G2
<latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit><latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit><latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit><latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit>

G3
<latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit><latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit><latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit><latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit>

G4
<latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit><latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit><latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit><latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit>

G5
<latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit><latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit><latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit><latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit>
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Figure 4: Qualitative results for Q1, Q2, Q3, Q4, and Q5 for DGC layout, FR layout, stress majorization (SM), and their MARL versions.
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G10
<latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit><latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit><latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit><latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit>

G9
<latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit><latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit><latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit><latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit>

G8
<latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit><latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit><latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit><latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit>

G7
<latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit><latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit><latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit><latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit>

G6
<latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit><latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit><latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit><latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit>

Figure 5: Qualitative results for Q6, Q7, Q8, Q9, and Q10 for DGC layout, FR layout, stress majorization (SM), and their MARL versions.
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G10
<latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit><latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit><latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit><latexit sha1_base64="lpGvVBkQqkyt4Bkfjg6TzN4wqqg=">AAAB73icbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgYttIxgPiA5wt5mLlmyt3fu7gnhyJ+wsVDE1r9j579xk1yhiQ8GHu/NMDMvSATXxnW/nbX1jc2t7cJOcXdv/+CwdHTc0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3n1BpHssHM0nQj+hQ8pAzaqzUqdz2M8+dVvqlslt15yCrxMtJGXI0+qWv3iBmaYTSMEG17npuYvyMKsOZwGmxl2pMKBvTIXYtlTRC7Wfze6fk3CoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDKz7hMUoOSLRaFqSAmJrPnyYArZEZMLKFMcXsrYSOqKDM2oqINwVt+eZW0alXPrXr3tXL9Oo+jAKdwBhfgwSXU4Q4a0AQGAp7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4ArdSPDw==</latexit>

G9
<latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit><latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit><latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit><latexit sha1_base64="3sG3A0XdbddZ7upbhu1AbXHY7EA=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsatSNaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+1fVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvqZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoAF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AITrjdE=</latexit>

G8
<latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit><latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit><latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit><latexit sha1_base64="0+D6euJBGtRmI473nX0GuHNMpsQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaKYkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953QyjRjAVKs2QK7ZcFGWSYELmn5OB0JyhnFhCmRb2VsJGVFOGNp+SDcFbfXmdtOs1z6159/VK8zqPowhncA6X4MEVNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHg2aN0A==</latexit>

G7
<latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit><latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit><latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit><latexit sha1_base64="Pj/fkt0wvq+OmmW4kV+8rBzbFJU=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLIkWWmLiIQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmyTTjPsskYnuhNRwKRT3UaDknVRzGoeSP4bjm7n/+MS1EYl6wEnKg5gOlYgEo2glv3rbb1T75Ypbcxcg68TLSQVytPrlr94gYVnMFTJJjel6borBlGoUTPJZqZcZnlI2pkPetVTRmJtgujh2Ri6sMiBRom0pJAv198SUxsZM4tB2xhRHZtWbi/953Qyjq2AqVJohV2y5KMokwYTMPycDoTlDObGEMi3srYSNqKYMbT4lG4K3+vI6addrnlvz7uuV5nUeRxHO4BwuwYMGNOEOWuADAwHP8ApvjnJenHfnY9lacPKZU/gD5/MHgeGNzw==</latexit>

G6
<latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit><latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit><latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit><latexit sha1_base64="Jai5blUZUbLNldbljLeHy5J8mws=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsKtSRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AIBcjc4=</latexit>

MARL 
Hybrid

MARL
Custom

G1
<latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit><latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit><latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit><latexit sha1_base64="XrqMa6H8xP1/9tc9zx6WB7bPmGQ=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN6yBxv29i67cyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemEph0HW/ncLG5tb2TnG3tLd/cHhUPj5pmSTTjPsskYnuhNRwKRT3UaDknVRzGoeSt8Px7dxvP3FtRKIecZLyIKZDJSLBKFrJr971vWq/XHFr7gJknXg5qUCOZr/81RskLIu5QiapMV3PTTGYUo2CST4r9TLDU8rGdMi7lioacxNMF8fOyIVVBiRKtC2FZKH+npjS2JhJHNrOmOLIrHpz8T+vm2F0HUyFSjPkii0XRZkkmJD552QgNGcoJ5ZQpoW9lbAR1ZShzadkQ/BWX14nrXrNc2veQ73SuMnjKMIZnMMleHAFDbiHJvjAQMAzvMKbo5wX5935WLYWnHzmFP7A+fwBeMONyQ==</latexit>

G2
<latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit><latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit><latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit><latexit sha1_base64="kU8nA73OUWhXhOKrR+er8vhZLt0=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYkWWmLiAQlcyN4yBxv29i67eyaE8BtsLDTG1h9k579xgSsUfMkkL+/NZGZemAqujet+O4WNza3tneJuaW//4PCofHzS0kmmGPosEYnqhFSj4BJ9w43ATqqQxqHAdji+nfvtJ1SaJ/LRTFIMYjqUPOKMGiv51bt+vdovV9yauwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZia6DqZcpplByZaLokwQk5D552TAFTIjJpZQpri9lbARVZQZm0/JhuCtvrxOWvWa59a8h3qlcZPHUYQzOIdL8OAKGnAPTfCBAYdneIU3RzovzrvzsWwtOPnMKfyB8/kDekiNyg==</latexit>

G3
<latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit><latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit><latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit><latexit sha1_base64="VQMHurO2QzGg9xO1kPOW8/0661I=">AAAB7HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCRaaImJIAlcyN6yBxv29i67cybkwm+wsdAYW3+Qnf/GBa5Q8CWTvLw3k5l5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCobeJUM95isYx1J6CGS6F4CwVK3kk0p1Eg+WMwvpn5j09cGxGrB5wk3I/oUIlQMIpWalVv+xfVfrni1tw5yCrxclKBHM1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Njp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvmZUEmKXLHFojCVBGMy+5wMhOYM5cQSyrSwtxI2opoytPmUbAje8surpF2veW7Nu69XGtd5HEU4gVM4Bw8uoQF30IQWMBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AHvNjcs=</latexit>

G4
<latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit><latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit><latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit><latexit sha1_base64="RZqD+cxua/hNGf4J3RRLRlI+6mY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IUQY9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH1Sjcw=</latexit>

G5
<latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit><latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit><latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit><latexit sha1_base64="vE0Kap9BOVV6NSo4JN3wHzeti2c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURI9FD3qsYGuhDWWz3bRLN5uwOxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8sdgfDPzH5+4NiJWDzhJuB/RoRKhYBSt1Kre9i+q/XLFrblzkFXi5aQCOZr98ldvELM04gqZpMZ0PTdBP6MaBZN8WuqlhieUjemQdy1VNOLGz+bHTsmZVQYkjLUthWSu/p7IaGTMJApsZ0RxZJa9mfif100xvPIzoZIUuWKLRWEqCcZk9jkZCM0ZyokllGlhbyVsRDVlaPMp2RC85ZdXSbte89yad1+vNK7zOIpwAqdwDh5cQgPuoAktYCDgGV7hzVHOi/PufCxaC04+cwx/4Hz+AH7Xjc0=</latexit>

MARL 
Hybrid

Figure 6: Qualitative results for Q1 to Q10 for MARL hybrid and MARL custom versions.
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