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Committee
Input

Deliberation
Aggregation

Output

Committee: (1)A group of people officially delegated (elected or 
appointed) to perform a function, such as investigating, considering, 
reporting, or acting on a matter.
Team: A number of persons associated in some joint action. A group 
organized to work together.

Coalition: A combination or alliance, esp. a temporary one between 
persons, factions, states, etc. An alliance for combined action, especially 
a temporary alliance of political parties.
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Introduction

• CBR agents

• solve problems and learn from them

• How could CBR agents collaborate?

• solving and/or learning from cases

• Argumentation process

• to mediate agent collaboration

• achieving a joint prediction
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Learning vs Cooperating

• Why to learn in problem solving?
• to improve accuracy, range, etc

• Why to cooperate in problem solving?

• to improve accuracy, range, etc

• Learning-cooperation continuum

• learning agents that cooperate by arguing
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Argumentation in 
Multi-Agent Learning

• An argumentation framework for learning agents

• Justified Predictions as arguments

• Individual policies for agents to

• generate arguments and 

• generate counterarguments

• select counterexamples
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Justified Prediction
Justification:  A symbolic description with the 

information relevant to determine a specific prediction

Problem

Traffic_light: red

Cars_passing: no

Case 1

Traffic_light: red

Cars_passing: no

Solution: wait

Case 3

Traffic_light: red

Cars_passing: yes

Solution: wait

Case 4

Traffic_light: green

Cars_passing: yes

Solution: wait

Case 2

Traffic_light: green

Cars_passing: no

Solution: cross

Retrieved

cases

Solution: wait

Justification

Traffic_light: red
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Justification example
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Justification example
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The predicted solution is hadromerida because the smooth form of 
the megascleres of the spiculate skeleton of the sponge is of type 
tylostyle, the spikulate skeleton of the sponge has not uniform length, 
and there are no gemmules in the external features of the sponge.
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Counterargument 
generation
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• Justified Prediction:  An argument α 
endorsing a individual prediction

• Counterargument:  An argument β 
offered in opposition to an 
argument α

• Counterexample: A case c 
contradicting an argument α

Argument types

α = 〈Ai,P,+,D〉

β = 〈A2,P,−,D2〉

c = 〈P1,−〉
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Case-based Confidence
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Preference on Arguments
+

?+- + + -

α = 〈Ai,P,+,D〉
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Relations between arguments

PPP

a) b) c)

+ + +

+- -

? ? ?

α = 〈A1,P,+,D1〉

β = 〈A2,P,+,D2〉β = 〈A2,P,−,D2〉

α = 〈A1,P,+,D1〉 α = 〈A1,P,+,D1〉

β = 〈A2,P,−,D2〉

α α α

β β β
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Relations between arguments

PPP

a) b) c)
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β β β

ConsistentIncomparable Counterargument
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Relations between cases 
and justified predictions

+
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Relations between cases 
and justified predictions
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Argument Generation

• Generation of a Justified Prediction 

• LID generates a description α.D subsuming P

• Generation of a Counterargument

• if no Counterargument can be generated then:

• Selection of a Counterexample
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Counterargument 
Generation

• Counterarguments are generated based 
on the specificity criterion

• LID generates a description β.D 
subsuming P and subsumed by α.D

P

+

-

?

α

β
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Selection of a 
Counterexample

c = 〈P1,−〉 P

+

- ?

α = 〈Ai,P,+,D〉

• Select a case c subsumed by α.D and 
endorsing a different solution class.

22dijous 12 de novembre de 2009



AMAL protocol

assert(α)

Ht = 〈αt

1, ..., α
t

n
〉

Justified prediction asserted 
in the next round

Assertions of n agents at round t

Agent states a counterargument ß  rebut(β, α)

contradict(αt

i) = {α ∈ Ht|α.S "= α
t

i.S}

Set of contradicting arguments for 
agent Ai at round t (those predicting a
different solution)
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Argument Generation
contradict(αt

i) = {α ∈ Ht|α.S "= α
t

i.S}

Generate CA for each

β1...βk

Select argument with a generated 
CA that has lowest confidence

May not found a CA for each

If empty generates CE

βi

Most likely to "convince" the 
other agent to change assertion

αi

Select CA for that 
argument
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Confidence-weighted 
Voting

• Each argument in Ht is a vote for an alternative

• Each vote is weighted by the joint confidence 
measure of that argument

• Weighted voting: alternative with higher 
aggregated confidence wins
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Figure 4: Generation of a counterargument using LID in the sponges data set.

to send to Aj). If CAi(β
t
i ) > CAi(α

t
i), then Ai con-

siders that βt
i is stronger than its previous argument,

changes its argument to βt
i by sending assert(βt

i ) to
the rest of the agents (the intuition behind this is that
since a counterargument is also an argument, Ai checks
if the newly counterargument is a better argument than
the one he was previously holding) and rebut(βt

i ,
αt

j) to Aj . Otherwise (i.e. CAi(β
t
i ) ≤ CAi(α

t
i)), Ai

will send only rebut(βt
i , α

t
j) to Aj . In any of the two

situations the protocol moves to step 3.
• If βt

i is a counterexample c, then Ai sends rebut(c, αt
j)

to Aj . The protocol moves to step 4.
• If Ai cannot generate any counterargument or coun-

terexample, the token is sent to the next agent, a new
round t + 1 starts, and the protocol moves to state 2.

3. The agent Aj that has received the counterargument βt
i , lo-

cally compares it against its own argument, αt
j , by locally

assessing their confidence. If CAj (β
t
i ) > CAj (α

t
j), then

Aj will accept the counterargument as stronger than its own
argument, and it will send assert(βt

i ) to the other agents.
Otherwise (i.e. CAj (β

t
i ) ≤ CAj (α

t
j)), Aj will not accept

the counterargument, and will inform the other agents ac-
cordingly. Any of the two situations start a new round t + 1,
Ai sends the token to the next agent, and the protocol moves
back to state 2.

4. The agent Aj that has received the counterexample c retains
it into its case base and generates a new argument αt+1

j that
takes into account c, and informs the rest of the agents by
sending assert(αt+1

j ) to all of them. Then, Ai sends the
token to the next agent, a new round t + 1 starts, and the
protocol moves back to step 2.

5. The protocol ends yielding a joint prediction, as follows: if
the arguments in Ht agree then their prediction is the joint
prediction, otherwise a voting mechanism is used to decide
the joint prediction. The voting mechanism uses the joint
confidence measure as the voting weights, as follows:

S = arg max
Sk∈S

∑

αi∈Ht|αi.S=Sk

C(αi)

Moreover, in order to avoid infinite iterations, if an agent sends
twice the same argument or counterargument to the same agent, the
message is not considered.

8. EXEMPLIFICATION
Let us consider a system composed of three agents A1, A2 and

A3. One of the agents, A1 receives a problem P to solve, and de-
cides to use AMAL to solve it. For that reason, invites A2 and A3 to
take part in the argumentation process. They accept the invitation,
and the argumentation protocol starts.

Initially, each agent generates its individual prediction for P , and
broadcasts it to the other agents. Thus, all of them can compute
H0 = 〈α0

1, α
0
2, α

0
3〉. In particular, in this example:

• α0
1 = 〈A1, P, hadromerida, D1〉

• α0
2 = 〈A2, P, astrophorida, D2〉

• α0
3 = 〈A3, P, axinellida, D3〉

A1 starts owning the token and tries to generate counterargu-
ments for α0

2 and α0
3, but does not succeed, however it has one

counterexample c13 for α0
3. Thus, A1 sends the the message rebut(

c13, α
0
3) to A3. A3 incorporates c13 into its case base and tries to

solve the problem P again, now taking c13 into consideration. A3

comes up with the justified prediction α1
3 = 〈A3, P, hadromerida,

D4〉, and broadcasts it to the rest of the agents with the message
assert(α1

3). Thus, all of them know the new H1 = 〈α0
1, α

0
2, α

1
3〉.

Round 1 starts and A2 gets the token. A2 tries to generate coun-
terarguments for α0

1 and α1
3 and only succeeds to generate a coun-

terargument β1
2 = 〈A2, P, astrophorida, D5〉 against α1

3. The
counterargument is sent to A3 with the message rebut(β1

2 , α1
3).

Agent A3 receives the counterargument and assesses its local confi-
dence. The result is that the individual confidence of the counterar-
gument β1

2 is lower than the local confidence of α1
3. Therefore, A3

does not accept the counterargument, and thus H2 = 〈α0
1, α

0
2, α

1
3〉.

Round 2 starts and A3 gets the token. A3 generates a counter-
argument β2

3 = 〈A3, P, hadromerida, D6〉 for α0
2 and sends it to

A2 with the message rebut(β2
3 , α0

2). Agent A2 receives the coun-
terargument and assesses its local confidence. The result is that the
local confidence of the counterargument β2

3 is higher than the local
confidence of α0

2. Therefore, A2 accepts the counterargument and
informs the rest of the agents with the message assert(β2

3). After
that, H3 = 〈α0

1, β
2
3 , α1

3〉.
At Round 3, since all the agents agree (all the justified predic-

tions in H3 predict hadromerida as the solution class) The pro-
tocol ends, and A1 (the agent that received the problem) considers
hadromerida as the joint solution for the problem P .
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Experiments

• Designed to validate 2 hypotheses

• average of 5 10-fold cross validation runs

• (H1) that argumentation is a useful framework for 
joint deliberation and can improve over other 
typical methods such as voting; and 

• (H2) that learning from communication improves 
the individual performance of a learning agent 
participating in an argumentation process.
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Accuracy after 
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Individual Learning from 
Communication
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Individual Learning from 
Communication
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Learning from a few good 
cases while arguing
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Learning from a few good 
cases while arguing
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Conclusions

• An argumentation framework for learning agents

• a case-based preference relation over arguments, 

• by computing a confidence estimation of arguments

• a case-based policy to generate counter-
arguments and select counterexamples

• an argumentation-based approach for learning 
from communication
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Future Work

• Framework for agents using induction
• better policies for generating CA

• collaborative search in generalization space

• Deliberative Agreement 

• for social choice and collective judgment models 

• aggregation procedures of sets of interconnected 
judgments

• deliberation over sets of interconnected judgments
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