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ABSTRACT

In the abstract argumentation setting, gradual semantics have been
proposed to assess the individual strength of arguments. A number
of such semantics have been proposed recently, and their formal
properties have been studied. While these semantics are sometimes
motivated by their better adequacy to capture debates, their be-
haviour in such multiagent settings is largely unexplored. In this
paper, we undertake a study of the multiagent dynamics of a stan-
dard gradual semantics. We propose a simple protocol, where agents
exchange arguments in order to provide a collective evaluation of
the value of a given argument (i.e an issue), and may learn new
arguments from the other agents, as well as an extended version
allowing votes. The debate proceeds following a better response
dynamics. We study how the value of the issue and the agents
opinion evolve, depending on various parameters of this setting.
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1 INTRODUCTION

Argumentation theory has been thoroughly studied in Al and multi-
agent systems in the last decades. Despite its rather crude represen-
tation power, abstract argumentation [15] has been influential due
to its generality. Argumentation semantics define formally methods
to assess whether (group of) arguments should be accepted. Dung
[15] defined several such semantics. Recently, gradual (or scoring)
semantics have been proposed as an alternative (quantitative) way
to assess arguments. Interestingly, from their very inception, these
semantics have been promoted as more natural in contexts, such
as online debates [18]. A number of such semantics have been
proposed recently, and their formal properties have been studied
(in particular, their axiomatics and their computational properties,
[3]). However, to the best of our knowledge, very few works have
addressed the dynamical aspects of such settings. Our research
question in this paper is thus the following:

If agents indeed reason and interact using some gradual
semantics, together with some protocol, how will debates
and agents opinion evolve?
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This is a very general question, and there are a number of assump-
tions that we wish to make explicit upfront for the sake of clarity:

(1) agent-system coherence: we assume that the agents’ opinions
and the system evaluation of the debate are based on the
same argumentation semantics;

(2) agreement on the argumentative structure: while agents may
have different opinions because they hold different sets of
arguments, they agree on attack relations among those ar-
guments;

(3) independence of agents: each agent behaves independently
of the others, we shall not consider issues of coalitions, com-
munication or influence directly among agents.

Of course, all these assumptions could be discussed. We believe
though they constitute a natural starting point for the study of such
dynamics — and a sort of minimal relevance test for such semantics
in multiagent settings.

While motivated by naturally occurring debates, our work is
normative by nature. We make no claim that agents do indeed use
(variant of) such semantics in practice. We instead study how a
system would evolve if agents were designed/enforced to follow
such principles. Whether this correspond to what is observed in
real online platforms for instance is an interesting but difficult
question that we leave for future work. What we are after instead
are findings which could help to design better platform, and to at
least provide some partial validation of the relevance of using such
semantics in that context [24]. For instance, we may expect our
system to allow opinions to converge to a more satisfying collective
outcome when agents have more learning capability.

1.1 Related work

Multiparty argumentation settings have been much less studied
than bilateral ones [23]. Both [17] and [8] studied team persuasion
settings, where agents, either in favour or against a given issue,
debate publicly. The underlying argumentative reasoning is based
on Dung’s semantics for abstract argumentation, and no opinion
dynamics is considered. On the other hand, opinion dynamics has
been extensively studied (see e.g. [13]), but these models assume
no argumentative structure of the information exchanged among
agents (opinions are typically abstract real values). Recently, a few
works attempted to mix opinion dynamics and argumentation, such
as [9, 31], who remain committed to the classical Dung’s frame-
work. Another interesting approach is that of [5], who also study
the polarization of agents opinion through exchange of arguments;
however, they do not use abstract argumentation frameworks to
explicitly model the links between arguments and issues. Thus,
surprisingly, while gradual semantics have been advocated for their
adequacy to model debate settings, the multiagent dynamics of



these semantics have been neglected. The work of [4] is an excep-
tion in that landscape since it considers a multiagent setting using
a gradual semantics, namely QuAD [29] (a quantitative bipolar
argumentation framework modelling both attacks and supports).
Technically, the paper exploits initial and final opinion sets from a
debate and define different semantics for opinion transitions.

1.2 Outline of the paper

The remainder of the paper is as follows. We start by recalling in
Section 2 the background required in formal argumentation theory,
and gradual semantics in particular. In Section 3, we detail our
model, in particular the protocol and the dynamics that will result
from agents’ moves. We put forward a number of hypothesis and
report on experimental results in Section 4. We then present how
we could improve the protocol by allowing the agents to vote on
arguments in Section 5, and conclude in Section 6.

2 BACKGROUND

2.1 Argumentation theory

In this section, we briefly recall some key elements of abstract
argumentation frameworks, as proposed by Dung [15].

Definition 1. Anargumentation framework (AF) is a pair AF =
(A, R) where A is a finite and non-empty set of (abstract) argu-
ments, and R is a binary relation on A, i.e. R € A X A, called the
attack relation. Vx,y € A, (x,y) € R means that x attacks y. An
AF may be represented by a directed graph, called the argumenta-
tion graph (AG), whose nodes are arguments and edges represent
the attack relation.

In the remainder of this paper, we will use the notion of argu-
mentation framework or argumentation graph indistinctly. Let us
now introduce different notions that we will use in this article.

Definition 2. Let AG = (A, R) be an argumentation graph and
X,y € A be two arguments. A path P from y to x, denoted P(y, x),
is a sequence (xo, ..., xp) of arguments such that xo = x, x, = y
and Vi € {0,1,...,n— 1}, (xj4+1,x;) € R. We denote by Ip = n the
length of P. An argument is a defender (resp. attacker) of x if it
is situated at the beginning of an even-length (resp. odd-length)
path towards x.

We shall abuse notation and write Arg(AG) for the set of argu-
ments of a given AG, and Att(x) for the direct attackers of a given
argument x.

In Dung’s framework, the acceptability of an argument depends
on its membership to some sets, called extensions. These exten-
sions characterize collective acceptability. A set of arguments is
admissible when it is conflict-free and each argument of the set is
collectively defended by the set itself. Several semantics for accept-
ability have been defined in [15].

2.2 Gradual semantics

Dung’s semantics evaluate arguments at the level of a set: either
a set of arguments is acceptable (and therefore an extension, un-
der a given semantics), or it is not. However, it may be too coarse
a classification for some application, in particular for online de-
bate platforms. Hence the efforts to provide alternative means of

evaluating the acceptability of a given argument. Ranking-based
semantics (see e.g. [1, 2, 10, 16, 21, 26, 27]) rank every arguments
of an argumentation system, in order to compare their individual
strengths. Gradual-based semantics (see e.g. [6, 12, 18, 19]) assign a
score, or a grade, to each arguments.

Definition 3. A gradual semantics is a function which associates
to an argumentation framework AF = (A, R) ascoring S : A — R.

Recently, many of these semantics have been extended to ac-
count for the possibility of adding weights on arguments. This is
of course a desirable feature in our multiagent setting where we
may aggregate the graphs of several agents, or even allow agents
to vote themselves. In the rest of the document we will make the
distinction between flat and weighted argumentation graphs.

Definition 4. A weighted argumentation graph is defined as a
tuple WAG = (A, R, w), where w is a function assigning a positive
weight € [Wmin, Wmax] to each argument.

Among these semantics, we shall use specifically the h-categorizer
semantics [6] in its weighted variant proposed by [3], which is
known to satisfy several desirable axioms.

Definition 5. The weighted h-categorizer is defined as:

w(a)
1+ Ypeart(a) Hbs(b)

Observe that by construction, this function will return a value in
[0, Wmax]. When dealing with flat graphs, we shall simply assume
that the weights are 1 for all the arguments. In this case, we retrieve
the classical h-categorizer definition.

Hbs(a) =

3 OUR MODEL
3.1 A multiagent debate setting

The argumentation graphs used to model multiagent debates in
our setting satisfy a number of conditions: first of all, a specific
argument (the issue) plays the role of the main question of the
debate, and all arguments must be connected to this issue.

Definition 6. Let AG = (A, R) be an argumentation graph and
i € A be an argument. DG = (A, R, i) is an issue-oriented ar-
gumentation graph (IOAG) of issue i if i is the root of the graph
formed by the nodes of A and the edges of R and if all attacks are
directed toward the root i, that is for all x,y € A , if there exists a
path between x and y, then that path is a subset of a path from x to
i the root of DG.

Our setting is a multiagent one: we shall deal with a set N =
{1,2,---} of agents. We assume that each debate will be charac-
terized by a unique issue-oriented argumentation graph UG, the
universe graph, containing every argument relevant to the issue of
the debate. Each agent is equipped with a private IOAG, composed
of a subset of nodes of UG, called her opinion graph, and represent-
ing her own view of the world. Therefore, all agents agree on the
attack relations between the arguments they know of, and all the
graphs share the same issue. We shall call the collection of IOAG
(DG1, DGy, ...DGy) the profile of the game.



Definition 7. Let N = {1,2,---,n} a set of n agents, UG =
(A, R, i) the universe graph, and i € A the issue of the debate. The
profile of the game (DG1, DGy, ...DG,) is a collection of IOAG,
one for each agent, such that Vk € N, DGy = (A, Ry, i), where
A € Aand Vx,y € Ay, (x,y) € Ry iff (x,y) € R.

The second version of our protocol allows agents to vote for
arguments (see Section 4). We use a function which, for each ar-
gument x, takes a the number of "pro" votes (upvotes, v (x)) and
"con" votes (downvotes, v~ (x)) and aggregate them into a weight.
The following principles are relevant for such a weight function :

(w-n) Normalization : The domain of the function is Z and its
image is [Wmin, Wmax ], With wimin > 0, wmax < 1 and
(Wmin + Wmax)/2 = 0.5

(w-p) Proportionality : Results depend on the proportion of votes
for each arguments and not on the total number.

(w-i) Ignorance : Arguments which have neither upvotes nor down-
votes have the median value of 0.5.

(w-r) Resistance : No argument can have a base weight of 0.

There are existing proposals for such functions in the litera-

ture. The vote aggregation function of [18] defined as w(x) =
vt (x)

(ot (x)+v~ (x)+€)

(w-i) nor (w-r), as it takes value 0 when no votes are expressed on an

argument. On the other hand, the vote base score of [28] defined as

w(x) =0.5+0.5%X m;z_g))) satisfies principle (w-i) but not (w-
1). Clearly, (w-r) may be subject to discussion. The rationale behind
this property is that no amount of downvotes should completely
discard an argument. In a sense, the resistance property aims at
lowering the impact of the social votes on the argument’s value.
In the case of an online debate, this would be a safeguard against,
for example, manipulation by trolls. We propose to use a sigmoid
weight function which offers some control as to how strictly (w-r)
is applied, thanks to a parameter a which can be chosen to control
the slope and range of the weight depending on the votes:

satisfies (w-n), (w-p), but does not satisfy principle

1
_ ot (x0)-07 (%) (1)
1+e ot (x)+0~ (x)

w(x) =

We set a = 2.5 in our study. This means in particular that argu-
ments which are upvoted by all agents have a weight of wpax =
0.92, while those downvoted by all agents have a weight of wy,in =
0.07. By augmenting the value of a the bounds wpin, and wpax
reach their limits.

In the remainder of this paper, in order to lighten the notations,
A, R and i will denote respectively the set of arguments, the set of
attacks of the universe, and the issue of the game.

The private opinion (value) of an agent k regarding the issue is the
value of the issue in the agent’s sub-graph as given by the semantics,
and will be denoted V. As our setting includes the possibility for
agents to learn, this value may vary during the debate.

Using the weight function, we now define the merged graph,
which is the aggregation of the opinion graph of the agents.

Definition 8. For a universe graph UG = (A, R, i) and a given
profile (DG, DG, ... DGy,,), the merged graph is defined as the
weighted argumentation graph where v* (x) = #{k | x € Arg(DGy)},
v”(x) =#{k | x ¢ Arg(DGy)}, and w(x) is the weight function (1).

In words, we assume each agent holding the argument x in her
AF "virtually" vote for it, while the others vote against. Note that
this graph is a tool for analysing the debate, but plays no actual
role in the course of the game.

3.2 The protocol

The state of the game at step ¢ is described by a tuple (UG, PGy, N)
where UG is the universe graph (which is never modified) and PG;
is the public debate graph at step ¢, visible to all agents. At the
beginning of the game, PGy = ({i}, 0, i) is composed only of the
issue. We denote Vp, the value of the issue of the public debate
graph at step t, as given by the semantic.

All agents play simultaneously, i.e., at each step ¢t all agents play
a move. An agent’s move consists in adding to the current public
graph PG;_1 an argument, and all the attacks between this new
argument and the ones already present in the public graph. Agents
can only play arguments which directly attack an argument of
PG;_;.

Intuitively, this corresponds to the behavior of agents seeing the
state of the online debate and adding a direct response to one of
the published arguments. This is a mild constraint on the relevance
of the moves [23], allowing to backtrack to any previously stated
arguments, although not to construct lines of argumentation which
would require to state arguments not explicitly related to the debate
in the first place. Each agent is able to perform only one operation
on the state of the game at each step.

Definition 9. Let a game at a given s’[ep1 (UG, PG, N), with PG =
(Apg, Rpg, i). An agent’s k move consists in adding argument
a € A in PG such that 3x € Apg, (a,x) € Rg. The resulting
argument graph denoted, PG’ = PGU{a}, is constructed as follows:
PG’ = (Apg', Rpg'» i), with Apgr = Apg U {a}; Rper = Rpc U
{(x,a),(a,x) € R|x € Apg}.

3.2.1 Dynamics and agents’ strategies. To properly define the ra-
tional behaviour of the agents, we need to clarify how an agent
evaluates the current state of the debate, relatively to her own pri-
vate opinion. It would be too demanding to assume that agents
require the value of the debate to be exactly as their personal opin-
ion. Instead, we assume there is an interval around this value (the
comfort zone) that makes them happy with the current outcome of
the debate. The size of the comfort zone allows to model to what
extent an agent is ready to compromise with her own value.

Definition 10. An agent k is comfortable at step ¢ if the value of
the public debate graph at this step lies within her comfort zone, an
interval around her ideal value Vi; that is, Vp, € [Vi — cl; Vi +cl].

For every argument a of their opinion graph, each agent can
compute a hypothetical value Hp (a) which corresponds to the value
of the issue of the public debate graph when adding argument a and
all relevant attack relations. Formally, Hp(a) is the value of the issue
of the debate graph PG’ = PG U {a}. Using this hypothetical value,
they can evaluate every argument that they know of and determine
which of them would (theoretically) improve their satisfaction.

Their strategy at step ¢ is dictated by the following rules, based
on the previous state of the game at step t — 1:

!The step is not mentioned here to lighten the notations.



e if an agent k is not comfortable, she can play any argument
present in her opinion graph, which directly attack at least
one argument of PG;_; and whose hypothetical value is
closer to her opinion than the current public graph value.

e if an agent k is comfortable, she can play any argument
present in her opinion graph, which directly attack at least
one argument of PG;_1 and whose hypothetical value is still
contained in her comfort zone.

Note the difference between both situations here: while an agent
follows a simple better-response approach when she is not comfort-
able, we assume when she is that she may continue to exchange
arguments as long as this does not make her uncomfortable.

In the end, to select which argument to play, the agents choose
randomly amongst the possible strategies. If the set of possible
strategies is empty, the agent does not play.

At the end of the turn, every argument that was selected by an
agent is added to the public graph, along with all relevant attacks,
to create P;. In this simple version of the protocol, the public debate
remains flat, and thus the fact that several agents may select the
same argument to play next is not modelled. In Section 5 we describe
a protocol where agents are allowed to vote.

3.2.2 End of the game. The game stops at step T if every agent’s
strategy at this step is to do nothing. As the number of arguments
known by the agents is finite, the game trivially always finishes. If
A is the total number of distinct arguments known by the agents
N, then A is also trivially an upper bound for the number of steps
before termination.

3.2.3  Values of agame. In order to study our protocol, we introduce
the following notions:

Definition 11. The universe value (resp. merged value) of a
game, denoted Vg (resp. Vj), is the value of the issue of the
universe graph (resp. merged argumentation graph), as given by
the semantic.

Definition 12. The outcome of a debate game, denoted VF, is the
value of the issue of the public argumentation graph at the end of a
game, as given by the semantic.

Definition 13. We define the dissatisfaction of an agent k at a
step t of a game as the difference between the value of the public
debate graph and the agent’s opinion Vi: di, = |[Vp, — Vi, |. The
final dissatisfaction of an agent k is the dissatisfaction at the end of
a game regarding the outcome of the debate: di = |V — Vi|

Intuitively, the dissatisfaction captures how well a state, or the
outcome, of the debate matches an agent’s personal views.

After a turn, every agent has the possibility of learning the
arguments that were played by others and are unknown to her.
Learning an argument a means adding a to the set of arguments
of the opinion graph of the agent, adding all the attack relations
between a and the arguments of her opinion graph as they appear
in the universe graph, and therefore updating the agent’s opinion.

Definition 14. Letanagent k € N, and her [OAG DGy = (A, R, i)-
When k learns argument a € A, her IOAG becomes DG;( =
DGy U {a}, and is constructed as follows: DG,’< = (.?l,’(, RI’C’ i), with
AL = A U{al; Ry =R U{(a,x), (x,a) € Rlx € A}.

3.2.4  Learning process. We chose to model the learning process to
represent confirmation bias. Confirmation bias is a cognitive bias
which consists in manifesting a preference towards the information
which confirm preconceived ideas and to grant less weight to the
assumptions which challenge them [22].

At the end of each turn, the agents have access to the new argu-
ment’s impact on the public graph, that is the difference in value
induced by each argument. The probability for an agent to learn
a new argument is related to the dissatisfaction brought by this
argument. Agents have a greater probability prgq,, to learn argu-
ments which favored their own opinion: those are the arguments
whose impact on the public graph was to bring its value closer to
the agent’s opinion, and thus the effect of these arguments on the
public graph decreased the agent’s dissatisfaction. Conversely, if the
arguments’ impact on the public graph was to bring its value fur-
ther away from the agent’s opinion, and thus increased the agent’s
dissatisfaction, the agent has a probability pggains: to learn it, with
Pagainst < Pfavor to account for the confirmation bias.

Definition 15. Letan agent k with opinion V, atstep ¢, and p4p0r
(resp. pagainst) her probability to learn an argument favorable (resp.
unfavorable), with pagainst < Pfavor- The probability for k to
learn argument a is:

® Pravor if IVp,\(a} = Vi, | = d,
® Pagainst if|VP,\{a]» - th| < dkt

ExXAMPLE 1. Let us consider a public graph P and an agent k. At
the previous turn, three arguments c, d and e were added to the public
graph, which now has a value of Vp = % (see Fig. 1, where the issue
is dark gray whereas the arguments added in the previous turn are

light grey).

LVp=3 i, Vi =05
a b c a O/.
d e
Public Graph Agent k opinion graph

Figure 1: Example of the learning process

We can compute the values the graph would take without each new
argument : Vp\ (q) = Vp\ (¢} ® 0.2857; and Vp\ (¢} = 0.5.

The initial dissatisfaction of agentk isdy, =|Vp—Vi| = |% —0.5| ~
0.1666. Therefore, we can say that arguments d and e are favoring
the agent’s opinion because without them, the public graph’s value
would be further away from the agent’s opinion : |Vp\ (qy — Vi| =
[Vp\ (e} — Vil = 0.2143 > di,. On the other hand, without argument
c, the value of the public graph would be exactly the value of the
agent’s opinion : [Vp\ (¢} — V| = 0 < di,. We can say that adding
argument ¢ goes against the agent’s opinion.

Therefore, agent k has a probability payor of learning d and e
and a probability pagains: of learning c, with pagainst < P favor-

3.25 An example course of the protocol.



EXAMPLE 2. Let a game be composed initially of a universe argu-
mentation graph UG, and two agents 1 and 2. The issue is argument
i, and both agents have a comfort zone of 0.05. Let assume that agent
1 is stubborn, and will not learn any new argument easily even if
it is favourable (pagainst, = 0.1; Pravor; = 0.3); whereas agent 2 is
more open-minded and open to new information (pagainst, = 0.3;
Pfavor, = 0.7). Fig. 2 shows the universe graph, the merged graph,
the profile of the game, and one of the possible courses of the protocol.

i, Vug =0.4286 i, VM, =0.6277

Universe graph Merged graph
i, Vi, =0.75 i,V = 0.5
a
¢ d Ou b
Agent 1 Agent 2

A possible course allowed by the protocol is the following :

Public Graph Value Comfortable P. Strat. Strategy Learning

LVpy=1 1: 075 NO {a} a {
to [®) 2: 05 NO {b} b {a}
VM, ¢ 0.6277
i, Vp, =0.33
1: 075 NO {c,d} d {t
4l 2: 04 NO {d} d {
a b Vag, < 0.5331
i, Vp, = 0.4
1: 0.75 NO {c} c {}
& a by 04 YES 0O - {
d Va, :0.5331
i, Vp, =0.43
1: 0.75 NO {} - {
f3 2: 04 YES { - 0
a b Vag, : 0.5331
c d

Figure 2: Possible course of the protocol

At to, the issue is the only argument on the public graph, and none
of the agents are in their comfort zone. Each agent can only play one
argument (possible strategy P. Strat), and thus chooses to play it. Both
agents can learn a new argument. Agent 1 could learn argument b,
but even if this argument has decreased her dissatisfaction (it allows
to bring closer the value of the issue in the public graph to her personal
value), as p fapor, is low, she does not learn it. Agent 2 chooses to learn
argument a, as P fqpor, is high, and this argument has also decreased
her dissatisfaction. As agent’s 2 personal graph has changed, the
merged value decreases: there are now 2 votes for argument a.

At t1, both agents are still not comfortable. Agent 1 can play ar-
guments c or d, that have the same effect on the value of the issue
on the public graph. She randomly chooses to play d, as agent 2 who
does not have the choice. At tp, agent 2 is in her comfort zone. She

has played all her arguments. Agent 1 is still not comfortable, but can
play argument c. Agent 2 could learn argument c, but we assume she
did not (which is a possibility with p a0, = 0.7). The game ends in
t3, with agent 1 not comfortable, whereas agent 2 still is.

We can see that learning argument a changed the opinion of agent
2, and allowed her to get closer to the final value of the game. It also
allowed to bring the merged value closer to the final outcome.

3.3 Some remarks on the semantic properties

Based on the previous example, it may be tempting to conclude
that the analysis of this protocol will be straightforward. After
all, if agents learn, their structure will become more similar, and
as a consequence their values will also get closer. However the
behaviour of the gradual semantics when applied to IOAG is not
as simple as it seems.

First, as we observed along the way in our discussion of Exam-
ple 1, the value of two distinct graphs can be similar.

OBSERVATION 1. Distinct IOAGs may have the same value.

Va=05 V=05 Vg =3
« O b a o/. @
d e d

Graph A Graph B Graph B/

Figure 3: Structural similarity and values of graphs

As one can see in Fig. 3, graphs A and B do not share the same
structure, but have the same value.

This leads to another observation: there is no obvious relation be-
tween the structural “similarity” of IOAGs and how close their values
are. Structural similarity between graphs is often formally defined
as the minimal cost of graph edit operations (e.g. node/edge dele-
tion/addition/substitution) required to turn a graph into another
one. But Observation 1 would require the sum of the cost of opera-
tions to turn A into B to be 0, while the addition of any argument,
either a defender or the addition of an attacker, must have a strictly
positive cost. It was already observed that graph edit distances may
not be well suited to assess the actual similarity between “natural
and complex networks” [30] : our remark makes the same point in
the context of argumentation graphs.

This observation is of course completely expected given the non-
monotonic behaviour of argumentation and the different roles of
attackers and defenders; but we see why it can make the analysis
of the protocol challenging: if we imagine that A and B were the
graphs of two agents at the beginning of the game, and that B’ is
the graph of agent B at the end of a game, after B has learned one
argument from A, learning has in fact widened the gap between
the two agent’s opinion.

Another, somewhat more subtle observation, can be made:

OBSERVATION 2. The relative intensity difference of values between
two nodes does not transfer to the issue.



Let A and B be two trees whose issue has only one direct attacker,
respectively a and b. Let us now imagine that their respective values
Va and V}, as given by the semantic are modified after some abstract
operation: for example, a and b may be the root of two respective
trees to which an operation is performed. Let us call V] and Vb’
the resulting values of a and b. If we have §, = |V, = V)| < §}, =
[V =V}, |, can we give a condition on the differences between the
corresponding values of the issue of A and B? In particular, if V;
and Vé are the new values after the modification, can we guarantee
that 64 = [V4 = V| < 8p = |Vp — Vj|? The following example
shows a case where this is not verified.

a Arg.treeA i Arg.treeB

o——0  &6—O0

V,=1-V.=096,=0.1 Vi = 0.1 - V) =0.19 5 = 0.09

Va=0.5—> V] =0.526;94 =0.026 Vg =0.909 — V[, = 0.840; 5p = 0.069

In this example, we have §, > §;, and §4 < Sp. While a was
more intensely modified than b (negatively for a, and positively for
b), it turns out that the issue of B is more affected than that of A.

Finally, the following property can be seen as a generalization of
the properties of increase of defense and attack branches (which are
both satisfied by h-categorizer [7], but are restricted to the addition
of specific structures).

PROPOSITION 1. Attaching a tree of m arguments to a node, with
m = 1:

e leads to an increase of the value of the issue if the node is an
attacker;

o leads to a decrease of the value of the issue if the node is a
defender.

In other words, the effect of adding nodes to an argumentation
graph does not depend on the structure of the tree of arguments that
we add, but only on the position of the node they are attached to. In
the terminology of [14], we can also say that adding any (sub)tree
of arguments to an attacker (resp. a defender) has a positive (resp.
negative) impact.

To conclude, it is useful to remind the special case of a tree T,
with only one line of arguments ap < a; < ... < ap,. Defining
the sequence (Vin)men as the sequence of the value of the issue of
these trees, it was observed in [11, Example 3] that:

o The sequence (Vip)men converges to y = 0.61, which is the

fixed point of the function: f : x > ﬁ
e The values of the sequence (Vi)men alternate around the

limit p, with for all m even, Vi, > pand Ve < p.

4 EXPERIMENTAL RESULTS

The remarks of the previous section suggest that the analysis of
our protocol are not straightforward. We now enumerate a number
of hypothesis than we intuitively expect from our protocol, and
proceed to check that they are supported experimentally?.

2 All the material used for this work is available at https://github.com/LouiseDupuis/
ArgumentationProject.

While our setting is well-defined for argumentation graphs, most
of the debates, as they can be seen in real life or online debate
platforms3 are in the form of trees, with the debated issue at the root.
We thus decided to study especially issue oriented argumentation
trees (that is, for every argument of the graph, there is one and only
one path toward the issue i) in order to present results specifically
relevant for debates.

4.1 Hypotheses

We hypothesize that the following properties are verified by our
protocol :

H1 - Outcome: For a given debate, if the learning probabilities
increase, the outcome gets closer to the merged value.

H2 - Flexibility: Increasing the size of the comfort zone increases
the agent’s satisfaction.

H3 - Open Mind: If the learning probability of an agent increases,
she will be more satisfied at the end of the debate.

H4 - Strength of the Group: When many agents share the same
initial information, they have a greater chance to be satisfied
by the final result.

H5 - Power of Knowledge: Agents that know more arguments
at the beginning of the game are more satisfied at the end.

H6 - Convergence of Views: The highest the learning probabil-
ities, the lower the distance between the agent’s final values.

Two different metrics can be used to assess the satisfaction of
agents at the end of a game: the number of agents comfortable N¢
and the average of their respective dissatisfaction AD = % Zzzl dp.
As the latter is less dependent on the value chosen for ¢; and takes
continuous values rather than discrete ones, it was favored when
evaluating hypotheses on agent’s comfort, except in the case of
Hypothesis 2 which focuses on the impact of ;.

In the special case of Hypothesis 4 (Strength of the Group), as we
lacked a proper way to describe the similarity of groups of distinct
agents, we proceeded by creating a certain number of “clones”,
agents which start the game with the same opinion graph, and
studied the average dissatisfaction of these clones with the variation
of their number. We wanted to see whether big groups of clones
had a better chance to sway the debate in their favor.

In the case of Hypothesis 6 (Convergence of Views), we chose
to evaluate STD, the standard deviation of agent’s opinions at the
end of the game, as a measure of similarity of these opinions.

To test the effect of the learning process, in the case of Hypothe-
ses 1, 3 and 6, we randomly select a learning probability p 40, and
we fix pagainst = max(0, pfapor — 0.1). PL designates the average
of these two probabilities.

4.2 Experimental setting

Each game simulation starts with the generation of the universe
graph UG. We generate random issue-oriented argumentation trees
of size A using a Priifer sequence. [25] showed a bijection between
labelled trees of size A and an integer sequence of size A — 2. After
generating such a sequence, we obtain an undirected labelled tree,
which we transform into an issue-oriented tree by directing the
edges toward the issue using a depth-first search.

3See e.g. Debategraph (debategraph.org/home)
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The profile of the game is built by selecting for each agent a
random integer S € [2, A], the size of the agent’s opinion graph, and
then drawing S nodes from A and adding the edges corresponding
to the relevant attacks. Note that the agents’ IOAG are sub-forests
of UG and that several groups of arguments may not be connected
to the issue. With such a profile, we can construct the merged
graph, which is a weighted sub-forest of UG, and the public graph
throughout the game.

For each hypothesis, we ran 1000 debates, with parameters |N| =
7 agents and |A| = 20 arguments, and studied the correlation
between two values of interest. We report the Pearson correlation
coeflicient R, as well as the p-value of the correlation p (see e.g.
(20]).

The Pearson correlation coefficient R is a measure of linear cor-
relation between two sets of data. It varies between -1 (perfect
negative correlation) and 1 (perfect positive correlation), with 0
corresponding to two uncorrelated sets of data. The closest it is to
1 (in absolute value), the greater the correlation.

The p-value p of a statistical test represents the probability that
if the null hypothesis were true, we would obtain results at least
as extreme as the results actually observed. In our case, the null
hypothesis will always be the hypothesis that the variables that we
study are in fact not correlated. Therefore, the lower the p-value,
the less likely it is that the set of data we compare are in fact not
correlated. Usually, the limit of p < 0.05 is used as a threshold to
distinguish significant results.

We consider that 0.50 < |R| < 1 corresponds to a high correla-
tion, 0.30 < |R| < 0.49 to a moderate correlation and |R| < 0.29 to
a low correlation. We consider the null hypothesis (no correlation)
to be successfully rejected when p < 0.01.

4.3 Results

Table 1 presents the results of our experiments. We denote AD o pes
the average dissatisfaction of the group of clones, |[Arg(DGy)| and
dy. respectively the number of arguments known at the beginning
of the game by agent k and her dissatisfaction at the end of the
game.

Variable 1 Variable2 R p value
H1 P |VE = Vg | -0,55029 2,44E-80
H2 ¢ Nc 0,680451 4,1E-137
H3 Pp AD -0,70346 2,1E-150
H4 NbofClones ADcjones  -0,28678 2,19E-20
H5 |Arg(DGy)| d -0,40972  9,3E-38

He6 Pp, STD -0,6683870 @ 1,2764E-130

Table 1: Testing the hypotheses. Correlation level: Dark
green = high, light green = moderate, yellow = low.

Many of the R we obtain are negative, because many of the
correlations we investigate are negative correlations : for instance,
we expect the average dissatisfaction of the agents to decrease when
the learning probability increases. The signs of the correlation
coeflicient we obtain are all consistent with our hypotheses.

In every experiment, the null hypothesis is rejected with a p-
value that is much lower than the threshold of 0.01. In the case of

Figure 4: H3 - Open Mind : Average dissatisfaction of the
agents as a function of learning probability.

Hypotheses 1, 2, 3, 5 and 6 the correlation is high or moderate, and
we conclude that these hypotheses are verified experimentally. Fig.
4 presents the evaluation of the average dissatisfaction AD of the
debates obtain when we vary P, the learning probability of the
agent. We observe a clear trend towards reduced agent dissatisfac-
tion, however with a number of outliers indicating that this is not
an exact law.

In the case of Hypothesis 4, the effect of the presence of clones is
not null, but is not responsible for a large variation of the satisfac-
tion of agents. Qualitative assessment of individual debates leads us
to assume that this is because other factors play a larger role in the
outcome of the debate, such as the number of arguments known to
the clones. Indeed, as we do not take into account the number of
people who play the same arguments, a group of ignorant clones
act as a single ignorant agent and cannot prevent a knowledgeable
opponent to sway the game in her favor.

We conclude that our simple protocol empirically exhibits de-
sirable properties. In the next section we ask ourselves whether
this empirical evidence is robust to a modification of the protocol
where votes can be expressed by agents.

5 AN IMPROVED PROTOCOL WITH VOTES

It is common for online debate platforms to allow their users to cast
votes on arguments.* We propose an improved version of the pro-
tocol where agents can do so, as in [28] for instance. This approach
introduces an element of social validation of the arguments: their
value can be dramatically influenced by the amount of social sup-
port they receive. This allows the public argumentation framework
to better reflect the opinion of all the agents.

Votes can either be positive or negative: an agent votes for an
argument if she endorses it, and against otherwise. We refer to
positive arguments as upvotes and negative arguments as downvotes.
Note that here, endorsing an argument means that the argument
belongs to the agent’s opinion graph.

Votes are aggregated using the weight function (1) used to build
the merged graph (see Def. 8). Thus, the more endorsed or well-
accepted an argument is, the greater its weight, and arguments with
an equal number of upvotes and downvotes have a weight of 0.5.
Because of its special status, the issue is not voted for or against and

4See for example ChangeMyView (https://www.reddit.com/r/changemyview/)



has a weight of 1 throughout the game. In this version, the pub-
lic graph thus becomes a weighted issue-oriented argumentation
graph.

Each step t of the new protocol is similar to a step of the sim-
pler protocol with the addition of a voting stage after the learning
stage. When computing the hypothetical value that the public graph
would take if they played an argument, agents assign an hypotheti-
cal weight of 1 to this argument. Agents vote on the new arguments
that were played during the step. Note that the order of the stages
is crucial, as agents can vote in favor of arguments they have just
learned. After the voting step, votes are aggregated into weights
for the arguments in the public graph. This mechanism makes the
dynamics of the game more complex.

EXAMPLE 3. Let us take the same initial setting than in Example 2:
two agents 1 and 2 having a comfort zone of 0.05. Agent 1 is stubborn
(Pagainst; = 0.1 P favor, = 0.3); whereas agent 2 is more open-minded
(Pagainst, = 0.3; Pfavor, = 0.7). Fig. 5 shows the universe graph, the
merged graph, the profile of the game, and one of the possible courses
of the protocol.

i, Vug =0.4286 i, Vagy = 0.6277

a a
c d b c d b

Universe graph Merged graph

i, Vi) =0.75 i, Vy =05

c d O« b

Agent 1 Agent 2

A possible course allowed by the protocol is the following :

Public Graph Value Comf. P. Strat. Strat. Learning Voting

Introducing votes changes the value of the public graph and, there-
fore, the course of the game. At the end of step 0, agent 1 votes for
argument a (that she knows), and against argument b (that she did
not learn). Agent 2 votes for b, that she already knew, and for a, that
she just learns. At step 1, agent 2 is comfortable, which means that
she can only play arguments whose hypothetical value remains in
her comfort zone, and no argument verifies this condition. However,
agent 2 still votes for argument d, that has been played by agent 1,
because she endorses it, even though she did not play it. At the end of
this game, the value of the merged graph and the final public graph
are the same, as all arguments were played.

We have performed an experimental study of the hypotheses
presented in Section 4.1, whose results are presented in Table 2.

Hypothesis 1 is not verified at all by the new protocol. Intuitively,
the success of this hypothesis in the case of the first protocol was
due to the fact that the public graph was flat. This is not the case in
this new protocol, where the public graph is itself a form of merged
graph, using the same aggregation function, and it is not clear
whether two weighted graphs can converge as well as a weighted
graph and a flat one.

All of the other hypotheses remain confirmed, albeit with corre-
lation coefficient that are slightly lower than in the first protocol.

Variable 1 Variable 2 R p value
H1 Pp |VE = Var| | -0,0645 0,04
H2 ¢ Nc 0,604745  6,6E-101
H3 Pp AD -0,53363 | 1,39E-171
H4 NbofClones AD¢jones  -0,23606  3,94E-14
H5 |Arg(DGr)| di -0,40972  9,3E-38
He Pp, STD -0.62242 @ 1.8E-108

Table 2: Testing the hypotheses. Correlation level: Dark
green = high, light green = moderate, yellow = low, red = no.

LVp =1 1: 075 NO {a} a { v*{a}, 0™ {b}
fo [9) 2: 05 No {b} b {a}  o{ab)o {}
Vmy < 0.628
i, Vp, =0.41
1: 075 NO {ed) d 0 ot (d) o () 6 CONCLUSION AND PERSPECTIVES
h B C{Q\O b 2: 04 YES {} - {} o*{d},v"{} We studied the multiagent dynamics of gradual semantics, in a
wa=0.92 wp =05 Vio + 0533 setting allowing agents to learn new arguments during the debate.
We made a number of observations suggesting that the dynamics
i, Vp, =0.51 resulting even from a simple protocol based on such a gradual
. 1: 075 NO {c} c {} o*{c},o{} semantics may not be as straightforward as one could think, making
2 2: 04 No  {} - it v"{}. o {c} theoretical analysis challenging. We then performed an empirical
a b Vi 0933 verification of a number of hypothesis. The results of this study
Wa = 0‘9d e =03 provides some evidence that the studied gradual semantics can
wq =0.92 be meaningfully used in the context of multiagent debates over
i\ Ve, = 0.53 L. 07 e B 0 (1o ) a given issue. On the downside, we showed that the empirical
2: 04 NO  {} _ O ot {}j o-{c} Support for some hypothesis decreased (one hypothesis being no
ts Vi ¢ 0.533 longer verified) when we augmented the protocol with votes, which
a b reminds us of the importance of such seemingly minor design
c Y~ 03 choices. In future work, we plan to investigate whether some of

wg =0.92 wy =0.92
we = 0.5

Figure 5: Possible course of the protocol

the hypotheses discussed here can be studied analytically. Another
natural perspective would be, building on previous work on the
axiomatics of such semantics [3], to generalize our results to a
broader class of semantics verifying given properties.
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