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ABSTRACT assessment of conflicting evidence. This evidence for verifying fore-

Judgmental forecasting is the task of making predictions about
future events based on human judgment. This task can be seen as a
form of claim verification, where the claim corresponds to a future
event and the task is to assess the plausibility of that event. In this
paper, we propose a novel multi-agent framework for claim verifica-
tion, whereby different agents may disagree on claim veracity and
bring specific evidence for and against the claims, represented as
quantitative bipolar argumentation frameworks (QBAFs). We then
instantiate the framework with a variety of agents realised with
Large Language Models (LLMs): (1) ArgLLM agents, an existing
approach for claim verification that generates and evaluates QBAFs;
(2) RbAM agents, whereby LLM-empowered Relation-based Argu-
ment Mining (RbAM) from external sources is used to generate
QBAFs; (3) RAG-ArgLLM agents, extending ArgLLM agents with
a form of Retrieval-Augmented Generation (RAG) of arguments
from external sources. Finally, we conduct experiments with two
standard judgmental forecasting datasets, with instances of our
framework with two or three agents, empowered by six different
base LLMs. We observe that combining evidence from agents can
improve forecasting accuracy, especially in the case of three agents,
while providing an explainable combination of evidence.
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1 INTRODUCTION

Judgmental forecasting is the task of making predictions about
future events by reasoning over incomplete, uncertain, and often
conflicting information [26, 38] based on the judgment of agents.
This task can be seen as a form of claim verification, where a future
outcome is seen as a claim and the task is to assess the plausibility
of that outcome. The claim verification task involves determining
whether a given claim is supported or refuted, often requiring the
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casting claims could be, for example, generated by LLMs [13, 18, 41]
or obtained from other repositories. However, despite LLMs’ re-
markable capabilities across a range of tasks, they fall short here
due to the fact that they may hallucinate or provide logically incon-
sistent outputs, and they cannot faithfully explain or allow for the
contestation of their own outputs [17]. For example, claims about
future events may require up to date knowledge that a single LLM
lacks, due to its incomplete training data, leading to unreliable or
conflicting predictions [37]. One approach, which aims at targeting
this issue, uses Argumentative LLMs (ArgLLMs) [17]. ArgLLMs
leverage techniques from computational argumentation (see [2, 4]
for overviews) to generate Quantitative Bipolar Argumentation
Frameworks (QBAFs) [5] that provide structured debates on the
claim to be verified. In doing so, ArgLLMs output a transparent
decision for the claims along with supporting and attacking argu-
ments acting as evidence. However, relying on a single ArgLLM is
limiting, as its output is constrained by the knowledge and biases
of its underlying LLM, potentially omitting crucial evidence.

To overcome the limitations of a single-agent approach, we pro-
pose a novel multi-agent framework for claim verification that
combines argumentative reasoning with QBAFs from multiple, in-
dependent agents into a single, more robust QBAF. As illustrated in
Figure 1, our Multi-Agent QBAF Combinator module aggregates the
outputs from several agents by measuring the semantic similarity
[9] between arguments, merging similar views to create a more
robust framework. We chose QBAFs as they are core to ArgLLMs
and have been deployed successfully in several applied settings,
including judgmental forecasting [23] and decision-making [3, 15].

To instantiate our Multi-Agent QBAF Combinator module to
support judgmental forecasting, we consider two novel kinds of
agents realised with LLMs, in addition to ArgLLM agents. For these
two novel kinds of agents, we leverage on the widely acknowl-
edged fact that the integration of Retrieval-Augmented Generation
(RAG) [40] enhances LLMs by incorporating external knowledge
and solving issues like hallucination [18, 37]. We use two novel
types of RAG-based agents: (1) using Relation-based Argument
Mining (RbAM) [6, 20] to identify supporting, attacking, or nei-
ther relations between retrieved evidence from sources and claims;
and (2) using the retrieved evidence from sources for generating
supporting and attacking arguments, in the spirit of ArgLLMs.

Overall, our contributions, overviewed in Figure 1, are as follows:

(1) Multi-Agent QBAF Combinator: a novel method to combine
independently generated QBAF outputs into a single QBAF.

(2) RbAM Agents: using RbAM to incorporate evidence retrieved
from external sources, directly as arguments.
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Figure 1: The overall pipeline. The ‘QBAF Generator Agents’ module can be instantiated with ArgLLM agents (baseline) or our
two RAG-based methods (§5): Retrieval-Augmented ArgLLM agents and RbAM agents, both taking in input external sources.
The ‘Multi-Agent QBAF Combinator’ (§4) module then takes the generated QBAFs (two in the figure, but our method applies to
any number) and (1) calculates similarity between arguments in the QBAFs, (2) combines similar arguments to obtain a single
BAF B7*, and (3) aggregates the base scores of the combined arguments to obtain base scores 7%, leading to a combined QBAF Q*.

(3) Retrieval-Augmented ArgLLM Agents: using evidence retrieved
from external sources, in prompts (in the spirit of [42]).

(4) Extensive experiments on two judgmental forecasting data-
sets, demonstrating that our multi-agent framework, partic-
ularly with three distinct agents, can improve forecasting
accuracy and provide a transparent framework for claim
verification in judgmental forecasting.

An extended version of this paper [21] includes additional infor-
mation in the supplementary material.

2 RELATED WORK

Claim verification with LLMs and RAG. The field of claim verifi-
cation has witnessed rapid advancements, particularly with LLMs,
which can process extensive amounts of information and have re-
markable generative capabilities. Despite their strengths, LLMs
encounter limitations in this task as they may generate conflicting
evidence due to their diverse and incomplete training data [13],
which can lead to inaccurate predictions. To address this, Zhang
and Gao [39] use a hierarchical step-by-step prompting method
that breaks down the claim, which improves the accuracy of news
claim verification. Another solution is CRAVE [41], which improves
accuracy by first eliminating ambiguities and retrieving evidence
from external sources, and then reasoning through two conflicting
perspectives. Similarly, Ge et al. [18] propose using RAG combined
with LLMs to resolve conflicting evidence and improve claim ver-
ification accuracy. Knowledge-based LLM approaches have been
developed for structured claim verification, including generating
argumentation frameworks to reason about claims (i.e. ArgLLMs
[17]), extracting argumentation frameworks from RAG sources to
reason about claims (i.e. ArgRAG [42]), generating first order logic
representations to reason about claims [36], and using multi-agent
LLM systems for claim verification [16]. We build on some of this
earlier work on using LLMs to generate argumentation frameworks,
but focus on combining the agents’ generated frameworks.
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LLMs and Judgmental Forecasting. Recent research has also ex-
plored the capabilities of LLMs in the context of judgmental fore-
casting, with mixed findings. Several studies have found that using
LLMs directly, without external grounding, often fails to improve
forecasting accuracy compared to human judgment [1, 33]. In con-
trast, Halawi et al. [22] demonstrate that LLMs augmented with
RAG can approach the performance of expert human forecasters.
Moreover, they show that combining forecasts from humans and
LLMs achieves the best forecasting accuracy. Other work suggests
that human forecasters advised by LLM-generated inputs can fur-
ther enhance performance [34]. Overall, while LLMs alone rarely
outperform expert forecasters, RAG appears promising for achiev-
ing forecasting accuracy comparable to humans, which motivated
us to incorporate it in our pipeline.

Combining Argumentation Frameworks. In computational argu-
mentation, there has been some work on merging argumenta-
tion frameworks. Coste-Marquis et al. [10, 11] develop a merging
pipeline that aligns agents’ frameworks into a common domain,
uses minimal edit distance operators to merge attack relations,
and then votes on extensions to produce group level consensus
arguments. Cayrol and Lagasquie-Schiex [8] generalise this by in-
troducing weighted argumentation frameworks that embed relative
strengths of disagreement, producing a single weighted argumenta-
tion framework. Leite et al. [27] merge argumentation frameworks
using a semantic approach that selects arguments and attacks of
an agent varying the least from other agents. Delobelle et al. [12]
merge the sets of acceptable arguments rather than merging ar-
gumentation frameworks directly. Argumentative exchanges [30]
allow combining knowledge from argumentation agents, but in a
selected and distributed manner. In this paper, we focus on merging
QBAFs, a topic that, to our knowledge, has not been studied before.

3 PRELIMINARIES

A Bipolar Argumentation Framework (BAF) [7] is a triple (X, A, S),
where: X is a set of arguments; A C X x X is a relation of attack;
and S CX x X is a relation of support, where A and S are disjoint
(A NS = 0). A Quantitative Bipolar Argumentation Framework
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(QBAF) [5] is a tuple (X, A, S, r) where: (X, A, S) is a BAF and
7:X — [0, 1] is a total function, with 7(a) the base score of a€ X.

In this paper, we adopt the notion of a BAF/QBAF for an argu-
ment a € X from Rago et al. [30], as follows. For Q=(X, A, S, 7)
a QBAF and B8=(X, A, S) a BAF, for any «, f€ X, let a path from
a to fbe p={(ap,a1),...,(atn-1,an)) for some n > 0 (referred
to as the length of p, denoted |p|) where ay = a, ap = f and, for
any 1 <i < n, (aj-1,a;) € AUS. Let path(a, ) and |path(e, f)|
indicate the set of all paths from « to § and the number of paths in
path(a, f), respectively. Then, for a* € X, Q/B is a BAF/QBAF for
o™ iff (i) Vee xpath(a®, a) = 0; (i) Yaex\ (o) [Path(a, &®)| = 1; (iii)
Vaexpath(a, @) = 0. In essence, a BAF/QBAF for a* is essentially
a tree with a* as the root, instead of a multi-tree considered in [30].
We also use pro/con arguments in QBAFs as in [30]. Let Q be a QBAF
for a*. Then, the pro arguments and con arguments for Q are, re-
spectively: Pro(Q)={aeX|3p e path(«, a*), where |pNA| is even};
Con(Q)={aeX|3p epath(a, a*), where |p N A| is odd}.

In the remainder of the paper, we assume that the QBAFs are all
QBAFs for some claim, i.e. trees (and thus acyclic graphs).

Arguments in QBAFs are evaluated using gradual semantics, i.e.
total functions often in the form o:X — [0, 1], assigning a strength
to each argument. One such semantics is the Discontinuity-Free
Quantitative Argumentation Debate (DF-QuAD) [31]. For a given
QBAF (X, A, S, 1), for any x € X with n > 0 attackers with
strengths vy,...,0,, m > 0 supporters with strengths vi, Uy
and 7(x) = vg, DF-QuAD computes x’s strength as

a(x)=C(v0, F (01, ...,0n), F(v],...,0p,)),
where, for any wy,...,wg, F(wi,...,w) is 0if k =0and 1 -
[—[;Czl(|1 — w;|) otherwise, while C is defined as follows: for v, =
F (v1,...,9n) andog = F (0], ..., 0y,),ifv, = vs then C(vo, vg,vs) =
vo; else if v, > vg then C(vg, vg,vs) = vo — (vg - |us —vg|); otherwise
C(v0,va,vs) = v0 + ((1—00) - |vs — val).

4 MULTI-AGENT CLAIM VERIFICATION

To verify claims using multiple agents, we propose a method to com-
bine the outputs of independently-generated QBAFs. Our method
produces a combined QBAF by clustering the arguments across
the independently-generated QBAFs using a similarity measure,
followed by aggregating their base scores. This allows us to cap-
ture a diverse argumentative perspective. We assume that the
independently-generated QBAFs are such that there is no (x,y)
that is an attack in one of the QBAFs and a support in another, i.e.
we assume a lingua franca for the relations as in [30].

To determine whether arguments should be combined, we first
need a formal notion of their similarity. We thus define similarity
functions for clustering arguments.

DEFINITION 1. Let X be a set of arguments. A similarity function
¥ : X xX — [0,1] is such that forx € X, ¥(x,x) = 1 and for
xyeX, ¥(x,y) =Y¥(y,x).

This definition ensures that the similarity of an argument to
itself is maximal and that the similarity function is independent of
the order in which arguments are compared.

To aggregate multiple base scores assigned to similar arguments,
we define base score aggregation functions. These functions allow
for the aggregation of vectors of base scores into a single represen-
tative value.
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DEFINITION 2. Let K € N. A base score aggregation function
wrt. K, o : UIk(:1 [0, l]k — [0, 1] is such that:

(1) foranyv € [0, 1]k,for any permutation v’ of the elements of
v, w(v”) = w(v) (order-independence);

(2) foranyv € [0, 1]¥, min(0) < w(v) < max(v) (boundedness);

(3) for anyv; € [0,1], w((vj,...,v;)) = v; (idempotence);

(4) foranyuv, o’ €]0, 1% withv=(vq,...,v3) andv’ =(v,.. ., Z)]/c),
ifVieq1,.. k) (0i < 0}) then w(v) < w(v") (monotonicity).

This definition ensures that base score aggregation functions do
not depend on the order in which the elements in their input are pre-
sented, always return a number which lies within the range of the
provided base scores, if all elements in the input are the same then
the output is the common element, and they are monotonic with re-
spect to the inputs, respectively. We consider two instantiations of
the notion of base score aggregation function: average aggregation,
ie. @apg((01,...,0K)) = % Zi.c:l v;; and maximum aggregation, i.e.
Omax((v1,...,0;)) = maxi?:1 v;. It is easy to see that both satisfy
Definition 2 (in particular both functions are order-independent,
bounded, idempotent, and monotonic - see [21]).

Next, we define what it means to aggregate a set of QBAFs into
a combined QBAF, given a similarity function and a base score
aggregation function. This combined QBAF captures argument
clusters, relations between them, and their aggregated base scores.

DEFINITION 3. Let Q1,...,Q, ben > 1 QBAFs, where, fori €
{1,...,n}, Qi = (X;, A;, Si,1i). Let X = U?:l Xi, A = U?:] Aj,
andS = UL Si. Let ¥ : XxX — [0,1] be a similarity function, and
d € [0,1] be a similarity threshold. Let  : UIk(:I [0,1]% = [0,1] be
a base score aggregation function w.r.t. K = |X|. Then, the combined
QOBAF Q* = (X*, A*,S8*,1*) is as follows:

o X* C 2% satisfies the following properties:

(1) Vx € X, 31x* € X* such that x € x*;

(2) Vx,y € X, Ix* € X* such that x,y € x* iff (i) Iz* € X*
and3z, 7z’ € z" with(x,z), (y,2) € Aor(x,z2),(y,z’) € S,
and (i) ¥ (x,y) > 6;

o A" = {(x",y")|FxexIyey~ such that (x,y) € A};

o 8" = {(x",y")|3xex*Iyey such that (x,y) € S};

o Vx* = {xn,. a6} € X7 TN = o(r(x), L T(xp).

The first property ensures assignment of each argument x € X
to a unique cluster, forming a singleton if no other properties ap-
ply. The second property ensures that any two arguments are in
the same cluster if and only if they both have the same relation
(attack or support) towards arguments in the same parent clus-
ter and meet the threshold of the similarity function. Combined
QBAFs preserve relations by adding relations between clusters and
aggregating the base scores according to the clusters. Note that, not
only each attack/support between clusters results from lifting an
attack/support between arguments, but also each attack/support
between arguments is captured by some attack/support between
clusters. Formally:

Lemmad4.1. Letx*,y* € X*. Then, (x*,y*) € A" (or(x*,y*) € S¥)
iff 3x € x* and 3y € y* such that 3i € {1,...,n} where (x,y) € A;
(or (x,y) € S, respectively).

Example 1. Consider two QBAFs, Q1 =(X1={a,b,c}, A1={(b,a)},
S1={(c,a)},r1(a) =0.5,71(b) =0.2,71(c) = 0.8) and Q2 = (X1 =
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{a b/ dee}, Ar={(,a)},S1={(da)(eb) (¢, b))} r2(a) =
0.5,72(0") = 0.7,12(d) = 0.4, 72(e) = 0.3, 7(e’) = 0.1). Consider a
similarity function ¥ such that ¥(b,b’) = 0.9, ¥(e,e’) = 0.6, and
all other possible argument pairs have similarity below the thresh-
old § = 0.5. Let @ be the arithmetic mean wg0g. We construct the
combined QBAF Q* = (X*, A*,S*,t*) as follows: X* {x]
{a} (singleton, no parent argument); x; = {b,b"} (since ¥(b,b") =
0.9 > 8); x5 ={c} (singleton, no similar arguments); x; ={d} (single-
ton, no similar arguments); xz = {e, e’} (since ¥(e,e’) =0.6 > )};
A*={(x},x]) since(b,a) € Ay, (b, a) € Ay; (xz, x3)since (e, b) e
Az, (e',b') € Az}; 8" ={(x3, x]) since (c,a) € S1; (x, x]) since
(d.a) € S}; " (x]) = 0(0.5,0.5) = 0.5; 7" (x;) = 0(0.2,0.7) =
0.45; 7(x3)=0.8; 7% (x})=0.4; 7" (x5)=(0.3,0.1)=0.2.

Multi-Agent
QBAF —
Combinator
A A 4
/Combined QBAF @\
7({fa}) =05

7(c) =08

kr(b) =02

({cp) =08 4| Tdan=o04

k(e) =03 / \ 7({e,€)) = 0.2 )

Figure 2: The Multi-Agent QBAF Combinator takes two ini-
tial QBAFs, Q; (top-left) and Q; (bottom-left), as input and
outputs a single, merged QBAF Q" (right). (See Example 1)

(e') = 0.1

Proposition 1. Let Qy,...,Q, be QBAFs, forn > 1, where, for
ie€{1,...,n}, Qi = (Xi, Aj;, Si, 7;). Then, the combined QBAF Q*
(X*, A*, S*, %) is a OBAF.

Proposition 2. Let Qy,...,Qp be QBAFs for the same argument |,
forn > 1, where, fori € {1,...,n}, Qi = (Xj, Aj;, Si, ;). Then, the
combined QBAF Q" = (X*, A*, 8", t*) is a QBAF for {f}.

Proposition 3. Let Qy, ..., Q, be QBAFs for the same argument f,
forn > 1, where, fori € {1,...,n}, Q; = (Xj, A;, Si, 7). Then, the
combined QBAF Q" = (X*, A*,S*, 1) preserves pro/con arguments
in the original QBAFs, i.e., for Pro(Q;) and Con(Q;) the set of pro-
arguments and con-arguments, respectively, for Q*:

Ve X+ (x* € Pro(Q*) & (EIxEx*’,-E{L_",n}x c Pro(Qi))), and
Voexs (x* € Con(Q") & (Fyext.ic(L...n)X € COH(Q,’))).

Note that arguments without any similarities with other argu-
ments (e.g. d in Example 1) form singleton clusters (e.g. {e} in the
same example). Note also that we do not cluster arguments with
different parents or with the same parent but in different relations.
Thus, in Example 1, we do not cluster ¢ and e (as they do not share
a parent) or b and d (as they have opposite stances for the same
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parent) even if they are similar. Clustered arguments are made to
share the same incoming relations in the combined QBAF. Thus, in
Example 1, b and b’ in the cluster {b, b’} share supporter {e,e’}.

To construct a combined QBAF satisfying Definition 3, we define
a bottom-up algorithm that clusters arguments layer by layer, based
on the similarity function. The Multi-Agent QBAF Combinator
algorithm starts from a given claim argument a and then clusters
its supporters and attackers, recursively clustering their children,
until the maximum depth of the input QBAFs is reached. For each
cluster, the algorithm aggregates their base scores.

Algorithm 1 Multi-Agent QBAF Combinator

Require: F = {Qq,...,Qn}: QBAFs for claima, n > 1
Require: ¥: similarity function
Require: §: similarity threshold
Require: w: base score aggregation function
1: Initialize empty QBAF Q" «— ({{x} | x € X},0,0,7%(a) =
o(r1(a),. ... (a)))

2: previous layer « {a}

3: for d « 1 to max depth level{Qy,...,Q,}) do

4 merged « {}

5. for z* « previous layer do

6: for all pairs (x, y) where x, y € X such that (x, z), (y,2’) €
Aor (x,2),(y,z") € S where z,z’ € z* do

7 if ¥(x,y) > 6 then

8: merge x* and y*, where x € x* and y € y*

9: add x, y to same cluster in merged

10: else

11: add x to cluster in merged

12: add y to another cluster in merged

13:  for z* « previous layer and x* « merged do

14: set 7(x") = w(r(x) | x € x¥)

15: if Jyexr(x,z) € A such that z € z* then

16: add (x*, z*) to A*

17: if 3ycx+(x,z) € S such that z € z* then

add (x*,z*) to S*
19:  previous layer « merged
20: return Q*: combined QBAF

Lines 1-2 initialise the combined QBAF Q* with singleton clus-
ters for every argument in X in the union QBAF. We set the ‘previ-
ous layer’ to {a}, the root. The algorithm then executes recursively
layer by layer, Lines 4-12 merge clusters in X* and build a set of
clusters ‘merged’ at the current depth. Arguments are in the same
cluster if they support or attack the same parent argument and are
similar. Otherwise, they are placed in separate clusters. Lines 13-18
add relations between ‘merged’ clusters to the combined QBAF,
and assign to clusters their aggregated base score. Line 19 updates
‘previous layer’ to contain all merged arguments in the previous
layer, enabling the algorithm to iterate to the next layer.

Example 2. We apply Algorithm 1 to Example 1's Q1 and Q3.

In line 1, the combined QBAF Q™ is initialized with singleton clus-
ters of all arguments in the union QBAF: {{a}, {b}, {c}, {b"}, {d}, {e},
{e’}} = X*, and the base score of a is set tot* (a) =w(71(a), . . ., Tn(a)).
In line 2, the ‘previous layer’ is set to {a}.
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At depth 1, ‘merged’ is set to {} in line 4. Lines 5-12 process
all arguments in ‘previous layer’ (a in depth 1). Lines 6-12 goes
through (b,b’), (¢,d) as (b,a), (b’,a) € A and (c,a),(d,a) € S.
¥(b,b') > 0.5 so ‘merged’={{b,b’}}. ¥(c,d) < 0.5 so ‘merged=
{{b,b'},{c},{d}}. Line 8 merges clusters in the combined QBAF,
{b.0"}, {c}. {d}} c X~

Lines 13-18 goes through all merged clusters {b, b’ }, {c}, {d} and all
arguments in ‘previous layer’. Then, the base scores are added in line
14, T*({b,b’}) = w(r(b), (b)) = 0(0.5,0.5) = 0.5, 7*({c}) = 0.8,
*({d}) = 0.4. Lines 15-18 adds support (attack) relations if there is an
argument in the cluster that is supporting (attacking, respectively) an
argument in the ‘previous layer’. So, {({b,b’},a)} c A* as (b,a) €
A, and {({c},a), {d},a)} € 8" as (c,a),(d,a) € S.

Before starting depth 2, line 19 assigns the union of all arguments
that were in ‘merged’ to ‘previous layer’. ‘Previous layer’= {b,b’,c,d}.

‘merged’ is set to{} in line 4. Lines 5-12 goes through all arguments
in ‘previous layer’ (b,b’, ¢, d in depth 1). Lines 6-12 goes through (e, e’)
as (e,b’), (e/,b") € S. ¥(e,e’) > 0.5 so ‘merged’ = {{e,e’}}. Line 8
merges the clusters in the combined QBAF, {{e,¢’}} c X*.

Lines 13-18 goes through all merged clusters {e, e’} and all argu-
ments in ‘previous layer’. Then, the base scores are added in line
14, " ({e,e’}) = w(r(e),r(e)) = ©(0.3,0.1) = 0.2. Lines 15-18
{({e, €'}, {b,b'})} C A* as (e,b) € S.

Finally, the algorithm returns Q" as the combined QBAF.

Proposition 4. Algorithm 1 terminates and returns a combined
QBAF in polynomial time.

Note that we have defined the combination process algorithmi-
cally, however the Multi-Agent QBAF Combinator could be seen as
a judge agent. In this view, the generating agents act as independent
experts providing potentially conflicting evidence (Qy, . .., Q) and
the judge reconciles these opinions.

5 LLM-AGENTS FOR QBAF GENERATION

In this section, we describe the three LLM-agent variants we con-
sider: Argumentative LLM (ArgLLM) agents, Retrieval-Augmented
ArgLLM (RAG-ArgLLM) agents (extending ArgLLMs with RAG, to
incorporate external textual evidence), and Relation-based Argu-
ment Mining (RbAM) agents (constructing QBAFs by directly using
the external sources as arguments and classifying these arguments’
stances towards the claims). Each of these agents independently gen-
erates QBAFs. RAG-ArgLLM agents are a variant of ArgRAG [42]:
whereas ArgRAG could generate any QBAFs, including with cycles,
the QBAFs generated by RAG-ArgLLM agents are QBAFs for claims
(and thus trees, in the spirit of ArgLLMs [17]).

5.1 ArgLLM Agents

ArgLLM agents extract QBAFs from LLMs and formally reason
over them using gradual semantics, as in [17]. ArgLLMs agents
have three components: (1) Argument Generation, producing a BAF
8B for a given claim a, given a generative model (LLM) G, and
parameters for argument generation 6, such as the prompt used,
and the number of arguments to be generated in depth and breadth,
denoted formally as I'(x, G, ) — B; (2) Intrinsic Argument Strength
Attribution, assigning base scores to the arguments in 8 using an
evaluative function E to obtain a QBAF @, defined as (B, E) - Q;
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(3) Argument Strength Calculation, applying a gradual semantics o
to Q to obtain an assessment for a, denoted as %(a, Q, 6) — o (a).

5.2 RAG-ArgLLM Agents

To strengthen the factual grounding of the generated arguments,
we extend ArgLLM agents with RAG, by prompting with textual
evidence from external sources so as to generate more complete
and informed debates.

Let T = {t1, ..., t; } be a set of textual evidence relevant to a claim
a, retrieved from a collection of sources, and let G be a generative
model (LLM). We define RAG-ArgLLM agents as ArgLLM agents
where 6 in the argument generation function is a modified prompt
(RAG prompt for ArgLLMs) which incorporates the retrieved evi-
dence T. Figure 3 illustrates how this prompt can improve results.

[ Claim ]E:>
<& support

Attack@
The current political landscape within the /The claim that a non-Kevin McCarthy
Republican Party is characterized by significant

individual will be elected Speaker ...
divisions and a growing faction ... increasingly

lacks truthfulness due to ... internal
willing to challenge established leadership.

Following Kevin McCarthy's removal, ... these party dynalmlcs ,an,d strategic .
factions will seek an alternative candidate who maneuvering within the Republican
aligns more closely with their priorities ... Party. McCarthy's removal could lead to
rather than reinstating McCarthy or choosing factionalism or a desire ... to maintain
another traditional establishment figure. This continuity, making it plausible they

shift ... increases the likelihood that a non- might choose someone aligned with
Kevin McCarthy individual will be elected as McCarthy’s leadership style ... rather

Speaker, reflecting ... the need for leadership than risk electing an entirely new figure
that can unify the party's diverse interests. g v gure.

7 R

W/0
RAG

(o)

Anack@

While McCarthy's removal signals a
shift in House dynamics, the claim that
a non-Republican will be elected
Speaker is unlikely. The House remains
firmly under Republican control, with a
slim majority. The abstracts highlight a
focus on the 2024 presidential race,
suggesting internal Republican power
struggles rather than a broader
coalition forming to elect a Democrat

4L support

The recent political landscape suggests a
shift in power dynamics within the
Republican Party, making it less likely that a
candidate aligned with McCarthy's
leadership will secure the Speakership. The
removal of McCarthy ... demonstrates a lack
of unified support within the Republican
caucus. Furthermore, the entry of figures
like Nikki Haley and Robert F. Kennedy Jr. ...
along with Joe Manchin's departure from
the Senate, indicate a potential for
fragmentétion and realignment within ... or independent.
\both parties.
¥

¥

Figure 3: An example of how an RAG-ArgLLM agent (bottom)
can improve the results compared to an ArgLLM agent (top).
The example is taken from the Metaculus dataset and its
claim is false. The ArgLLM agent incorrectly predicts it as
false whereas the RAG-ArgLLM agent correctly predicts it.

5.3 RbAM Agents

In this setting, textual evidence is seen directly as arguments. The
RbAM component in RAG-ArgLLM agents classifies the relation
between each textual evidence and the claim as support, attack,
or neither, yielding a QBAF in which the retrieved evidence may
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support or attack the claim, if applicable. In other words, RbAM
Agents treat each retrieved evidence as an argument, and the RbAM
component determines whether it is related to the claim and how.

6 EXPERIMENTAL SET-UP

First, we evaluate our chosen individual agents (from §5): (1) Ar-
gLLM agents (as a baseline), (2) RAG-ArgLLM agents, and (3) RbAM
agents. As in [17], we considered two variants of ArgLLM agents:
depth 1 (one attacker and one supporter for the claim, and no
other arguments) and depth 2 (the attacker and supporter at depth
1 have one attacker and one supporter each). For RAG-ArgLLM
agents, we use two different external sources (The NYTimes and
The Guardian), chosen as they are openly accessible via an APL
As for ArgLLM agents, we consider both depth 1 and depth 2 vari-
ants of RAG-ArgLLM agents. For RbAM agents, we adopt the best
performing RbAM method from [20]: a few-shot prompt-based clas-
sification approach using Mixtral-8x7B [25], which Gorur et al. [20]
show significantly outperforms prior baselines on the RbAM task.
RbAM agents only generate depth-1 QBAFs for claims.

Then, we evaluate our multi-agent framework by combining
the outputs of these agents in various configurations: (1) pairs of
ArgLLM agents, (2) pairs of RAG-ArgLLM agents, (3) pairs con-
sisting of different types of agents: one ArgLLM agent and one
RAG-ArgLLM agent or two RAG-ArgLLM agents but using different
external sources (The NYTimes and The Guardian), (4) three-agent
combinations: combining individual ArgLLM agents with the two
RAG-ArgLLM agents, each using a different source.

In all experiments, we use the Jina-V3 embeddings [35] with
cosine similarity for the similarity function ¥, selected due to its
strong performance on semantic similarity tasks and compact size.!
Also, we use the similarity threshold § = 0.5.2

6.1 External Sources

To support RAG, we retrieve evidence from two news article sites.

NYTimes. We collected all NYTimes article abstracts published
between January 2023 and December 2024 using the NYTimes APL

Guardian. For each forecasting argument, we used GPT-40-mini
to generate five targeted search queries (see [21] for details). To get
article abstracts these queries were submitted to the Guardian APL

Retrieval Pipeline. For both sources, to optimise evidence re-
trieval, we embedded each abstract using the Jina-V3 embedding
model [35]. The resulting embeddings were stored in a vector data-
base, ChromaDB, to support real-time retrieval. We then retrieved
the top five relevant articles for each claim, restricted to abstracts
dated before the closing date of the claim.

6.2 Base LLMs

We evaluate all configurations using the following six LLMs (includ-
ing both closed- and open-weight models): Mixtral (Mixtral-8x7B-
Instruct-v0.1) [25], Mistral (Mistral-7B-Instruct-v0.3) [24], Gemma
(Gemma-7b-it) [28], Gemma-2 (Gemma-2-9b-it) [32], Llama-3 (Meta-
Llama-3-8B-Instruct) [14], and GPT-40 (GPT-40-mini) [29] models.
LAt the time of experimentation, Jina-V3 ranked fourth on the MTEB leaderboard:

https://huggingface.co/spaces/mteb/leaderboard
2In our initial, exploratory experiments this value yielded the best results.
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We chose these models as their training data cut-off dates preceded
the forecasting events, thereby avoiding data contamination.

6.3 Datasets

All configurations are executed on two popular judgmental fore-
casting datasets.

GJOpen. 3 A forecasting arguments dataset [19], which contains
2923 rephrased question-answer pairs from Good Judgment Open.
The dataset covers both binary and multiple-choice forecasting
questions, and is publicly available.

Metaculus. * A subset of the Forecasting dataset from [22], which
originally includes 8881 binary forecasting questions. We picked
only the questions that have been resolved and were open between
the dates of September 2023 and September 2024, which yielded
388 forecasting questions.

Obtaining Claims. For our experiments, for each dataset, we con-
verted each question-answer pair into a natural-language forecast-
ing argument (claim) using the Mistral-7B-Instruct-v0.3 LLM [24],
followed by manual review, similarly to [19].

7 RESULTS

7.1 Individual Agents

ArgLLM and RAG-ArgLLM Agents. We first evaluate the ArgLLM
and RAG-ArgLLM agents (using the NYTimes and the Guardian)
with their four variations depth 1 (with 0.5 base score and estimated
base score assigned to the claim) and depth 2 (with 0.5 base score
and estimated base score assigned to the claim) as in [17].

Table 1 (minus the last column) reports results on GJOpen and
Metaculus. We note that retrieval improves forecasting accuracy on
Metaculus in nearly all variations. The highest accuracy increase
comes when the external sources are used with Gemma-2 (with
depth 1, estimated base score), where accuracy improves from 68%
to 81% (for both NYTimes and Guardian). The RAG-ArgLLM agents
that did not improve accuracy were already performing well and the
external sources did not seem to help. On GJOpen, the improvement
is less consistent. However, using the Guardian seems to improve
forecasting accuracy more compared to using the NYTimes. The
highest accuracy increase occurs when using the NYTimes with
Llama-3 (with depth 2, 0.5 base score), where the accuracy improves
from 63% to 75%.

We additionally analysed the overlap between supporting and
attacking arguments generated by RAG-ArgLLM agents when dif-
ferent external sources are used. Overall, we observe that overlap is
generally high (see [21] for details), indicating that different sources
often lead to substantially similar argumentative structures.

RbAM Agents. The last column in Table 1 shows the results
for RbAM agents. Overall, RbAM agents do not perform well for
GJOpen. On inspection of the generated QBAFs, this may be because
the base scores generated are very small due to the abstracts not
having a proper argumentative structure. One possible solution,
left to future work, may be to prompt a separate model to extract or
generate structured arguments from each abstract. The Guardian

3https://www.gjopen.com/
*https://www.metaculus.com/


https://huggingface.co/spaces/mteb/leaderboard
https://www.gjopen.com/
https://www.metaculus.com/
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as an external source helped more than the NYTimes on GJOpen,
possibly because of its more relevant context. On the other hand,
RbAM agents perform better for Metaculus, although it still does
not surpass the best ArgLLM or RAG-ArgLLM agents. Therefore,
we decided not to combine QBAFs obtained from RbAM agents as
the accuracy was very low.

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

instance, Gemma-2 already performs well, so combining it with
other agents does not improve results.

Overall, the multi-agent framework can improve forecasting
performance. Average aggregation generally outperforms max ag-
gregation, suggesting that a moderate base score is more effective
than selecting the strongest base score.

Dataset  Depth Source ‘Mixtral Mistral Gemma Gemma-2 Llama-3 GPT—40‘RbAM
w/0 67/70 65/71 73/57 79/77  78/75 74/69 | -
1 NYTimes| 61/71 65/73 71/66  76/75 78/44  72/66 |43/29
Guardian| 61/72 66/74 72/64 78/76 79/76 71/67 |49/36
GJOpen
W/0 56/69 56/67 70/56 79/77  63/75 69/68 -
2 NYTimes| 49/67 52/68 64/63  75/75 75/50  71/66 -
Guardian| 49/68 51/68 64/63  77/76  74/52 72/67 | -
W/0 66/74 61/70  76/73 68/66 81/65 81/74 -
1 NYTimes| 71/78 79/80 81/73 81/78 81/78 78/73 |69/79
Guardian| 69/73 79/80 80/76  81/78  79/69 79/76 |63/78
Metaculus
W/0 61/73 62/67 71/73 67/66 78/65 82/76 -
2 NYTimes| 52/72 61/78 72/74  76/74 78/66  79/73 -
Guardian| 55/73 66/77 68/73  80/78  73/68 80/76 -

Table 1: Performance of individual agents on the GJOpen
and Metaculus datasets, with depth 1 and depth 2. The ta-
ble compares the baseline ArgLLM agents (W/O source) and
the RAG-ArgLLM agents (NYTimes and Guardian source)
with the base LLM models as per columns, as well as, in the
last column, the RbAM agents (using the NYTimes and the
Guardian). For each agent configuration, we report accuracy
of 0.5 /estimated base scores. Bold indicates best results for
each agent configuration, with/out the use of sources.

7.2 Multi-Agent Claim Verification

ArgLLM Agent Pairs. We first evaluate our multi-agent frame-
work with pairs of ArgLLM agents, where each agent in the pair
independently generates QBAFs, and then our multi-agent frame-
work combines them. We experiment across six pairs of ArgLLM
agents with their four variations depth 1 (with 0.5 base score and
estimated base score assigned to the claim) and depth 2 (with 0.5
base score and estimated base score assigned to the claim). For
each variation, we apply two aggregation functions, average and
maximum, to combine argument base scores.

Table 2 (top) reports some results (full results are available in
[21]). In summary, the results show variation across individual
ArgLLM agents. This variation reflects differences in the agents’
argumentative reasoning capabilities. Across all variations, the
combination of argumentative reasoning produced by the ArgLLM
agents frequently outperforms at least one of the individual agents,
and in several cases outperforms both. We hypothesise that our
framework improves performance when the paired agents bring
complementary argumentative reasoning. For example, Table 2
(top) shows that combining an ArgLLM agent with Llama-3 as base
model and another ArgLLM agent tends to improve on accuracy:
this could mean that Llama-3 generates argumentative reasoning
that complements that of other LLMs. The instances where the
framework does not perform well are when an ArgLLM agent
already performs well individually. This could suggest that the
second agent contributes less useful or redundant arguments. For
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Dataset Model Llama-3 (D=1) Llama-3 (D=2)
Avg  Max | Avg  Max
Single 78/75 Single 63/75
Mixtral 67/70 68/75  77/75 | 56/69 43/74  49/75
GJOpen Mistral 65/71 69/75  75/75 | 56/67 49/75  49/75
Gemma 73/57 73/76 78/78 | 50/70 70/56  50/70
Gemma-2 79/77 78/78  78/78 | 79/77 50/70  50/70
ArgLLM Single 81/65 Single 81/65
Mixtral 66/74 66/74 66/74 | 61/73 66/76  66/76
Metaculus Mistral 61/70 61/70  61/70 | 62/67 61/74 61/74
Gemma 76/73 68/66  76/73 | 76/73 71/73  68/66
Gemma-2 68/66 68/66 68/66 | 67/66 68/66  68/66
Single 78/44 Single 75/50
Mixtral 61/71 61/71  61/71 | 49/67 37/49  48/51
GJOpen Mistral 59/68 65/73  65/73 | 52/68 41/49  48/50
Gemma 71/66 76/75 76/75 | 64/63 53/54  37/57
RAG- Gemma-2 76/75 76/75 37/57 | 75/75 66/71  76/75
ﬁrYg-LLM Single 79/68 Single 78/66
. Mixtral 71/78 71/78  71/78 | 52/72 41/63  52/66
Times  Nfotaculus  Mistral 79/80 79/80  79/80 | 61/78 53/67  56/65
Gemma 81/73 81/78  81/73 | 72/74 64/70  44/47
Gemma-281/78 81/78 81/78 | 76/74 71/70  44/47
Single 78/76 Single 74/52
Mixtral 61/72 61/72  61/72 | 46/68 36/50  51/52
GJOpen Mistral 66/74 66/74  66/74 | 51/68 39/51  48/51
Gemma 72/64 78/76  78/76 | 64/63 52/56  38/59
RAG- Gemma-2 78/76 78/76  78/76 | 77/76 71/73  38/59
ArgLLM Single 79/70 Single 73/68
Guardian Mixtral 69/73 69/73  69/73 | 55/73 45/64  55/66
Metaculus ~ Mistral 79/80 79/80  79/80 | 66/77 56/66  61/66
Gemma 80/76 81/78 80/76 | 68/73 62/69  45/48
Gemma-2 81/78 81/78  B81/78 | 80/78 76/75 45/48

Table 2: Accuracy results of our multi-agent combination
framework applied to pairs of agents of the same type:
(Llama-3 and one of Mixtral, Mistral, Gemma and Gemma-
2-based) (i) ArgLLM agents; (ii) RAG-ArgLLM agents using
NYTimes; (iii) RAG-ArgLLM agents using the Guardian, for
Depth 1 (left) and Depth 2 (right). We show accuracy results
using 0.5/estimated base scores and wgyg (Avg) and wpmax (Max)
base score aggregations. Bold indicates improvement over
both (single) agents; underline indicates improvement over
one and parity with the other.

RAG-ArgLLM Agent Pairs. Next, we evaluate our multi-agent
framework across six pairs of RAG-ArgLLM agents with their four
variations depth 1 (with 0.5 base score and estimated base score
assigned to the claim) and depth 2 (with 0.5 base score and estimated
base score assigned to the claim) and the NYTimes and the Guardian
as external sources. For each pair, each RAG-ArgLLM agent is using
the same source.

Full results are provided in [21]. Table 2 (middle and bottom)
gives partial results. Results show that our multi-agent framework
with the RAG-ArgLLM agents often outperforms at least one of the
individual RAG-ArgLLM agents, and in some cases exceed both.
This similarly confirms that combining QBAFs can improve perfor-
mance when the paired agents bring complementary argumentative
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reasoning, even when arguments are retrieved from the external
sources. Notably, looking at Table 2, combinations involving Llama-
3 often improves accuracy despite Llama-3 not performing well
individually with the RAG-ArgLLM agents, suggesting their ar-
guments may remain complementary when combined with other
models. We also observe that average aggregation typically out-
performs max, aligning with earlier findings with pairs of ArgLLM
agents. Performance gains are more consistent on Metaculus, where
the paired agents often match or exceed both individual agents. On
the other hand, improvements on GJOpen are more dependent on
the choice of the external source: the Guardian tends to be more
effective than the NYTimes, consistently with the findings for the
individual RAG-ArgLLM and RbAM agents.

Overall, our experiments show that combining RAG-ArgLLM
agents can also be beneficial, particularly, as with pairs of ArgLLM
agents, when the combination is done with average aggregation.

ArgLLM and RAG-ArgLLM Agent Pairs. We then explore the per-
formance of combining two different agents, one standard ArgLLM
agent with one RAG-ArgLLM agent (using either the NYTimes or
the Guardian) or two different RAG-ArgLLM agent, each using a
different source.

Full results for combining two RAG-ArgLLM agents, where one
uses the NYTimes and the other uses the Guardian as external
sources, are provided in [21]. In summary, the combination of the
RAG-ArgLLM agents with different sources often yields significant
improvements, particularly in depth 1. RAG-ArgLLM agents with
Mistral as base LLM and The Guardian as the source also proves to
be a consistently strong complementary agent in depth 1, improv-
ing or maintaining accuracy in most pairings across both datasets
(five out of six in both). However, performance in depth 2 is less
consistent and often leads to a degradation in accuracy. This is likely
due to the generation of irrelevant arguments in the second layer.
Nonetheless, even in depth 2 some improvement is still observable
over individual agents.

Results for pairings of one ArgLLM agent and one RAG-ArgLLM
agent using NYTimes or Guardian as external sources are provided
in [21]. In summary, the results indicate that this hybrid approach
is highly effective. The RAG-ArgLLM agents introduce externally
grounded arguments that can complement the internal reasoning of
the ArgLLM agents. The benefit is particularly clear when using the
NYTimes. For example, Mistral (NYTimes) often improves or main-
tains the accuracy of its ArgLLM partner on the GJOpen dataset
(five out of six instances) for average aggregation. The Guardian
source also shows strong performance in specific pairings. How-
ever, the RAG-ArgLLM agents using the Guardian do not seem
to improve accuracy as much when they are combined with the
ArgLLM agents.

Overall, our experiments demonstrate that combining different
external sources can be beneficial. The most significant gains are
achieved when agents leverage different external sources.

Three-Agent Combination. We extend the analysis of our multi-
agent framework to three agents, where a standard ArgLLM agent
is combined with two RAG-ArgLLM agents, one using the NYTimes
and the other the Guardian. The results, provided in [21], demon-
strate the potential to increase accuracy by increasing the diversity
of argumentative reasoning. The addition of a third agent often
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leads to more robust and accurate forecasts, particularly on the
GJOpen dataset. The most consistent improvements are observed
when the base ArgLLM agent is a strong performer itself, such as
with Gemma-2 or GPT-4o. This suggests that when an agent’s in-
ternal reasoning is strong, it provides a solid foundation that can be
effectively enhanced by complementary information from external
sources, thereby improving the forecasting accuracy. While the
three-agent combination does not always outperform the best indi-
vidual agent in the trio, it consistently shows a clear improvement
over the other two individual agents. On the Metaculus dataset,
the benefits are also apparent, although the strong individual agent
performance sometimes sets a high bar for improvement. Both
aggregation methods show instances of improvement. However,
average aggregation performs better than max aggregation in most
instances, supporting the evidence from previous experiments.
Overall, the three-agent framework, by increasing the diversity
of complementary reasoning, can improve forecasting accuracy
whether from different models or different external data sources.

8 CONCLUSIONS AND FUTURE WORK

In this paper, we introduce a novel multi-agent framework which
integrates multiple perspectives by combining QBAFs generated
by diverse LLM-based agents. We designed and evaluated three
distinct agent types: baseline ArgLLM agents (which rely on internal
LLM knowledge), RAG-ArgLLM agents and RbAM agents (both
grounding their reasoning in external sources).

Our empirical evaluation on the GJOpen and Metaculus datasets
yielded several key insights. First, the RAG-ArgLLM agents consis-
tently outperformed the ArgLLM agents, especially on the Metacu-
lus dataset. This confirms that grounding argumentative reasoning
with external evidence can improve forecasting accuracy. While
the RbAM agents showed promise on the Metaculus dataset, they
did not perform well on the GJOpen dataset. Second, our multi-
agent framework applied to pairs of the same agent types, in some
instances improved forecasting accuracy. Performance gains were
most significant when the agents generated complementary ar-
gumentative perspectives. Pairing an ArgLLM agent with a RAG-
ArgLLM agent, or combining two RAG-ArgLLM agents using differ-
ent external sources (the NYTimes and the Guardian), proved highly
effective. This suggests integrating both internal LLM reasoning and
external evidence can be beneficial. Finally, instantiating our frame-
work with three agents, an ArgLLM agent and two RAG-ArgLLM
agents with different sources, yielded further improvements. By
increasing the diversity of reasoning and external sources, the three-
agent framework produced more robust reasoning. This suggests
that combining complementary perspectives yields better results.

Building on these findings, we plan to explore several promis-
ing directions: (1) investigating in more depth which models to
pick while combining their argumentative reasoning; (2) studying
whether an interactive debate could improve forecasting accuracy
(e.g. using a similar framework to Rago et al. [30]); (3) evaluating
the framework’s robustness against real-world data irregularities
such as noisy/misleading data, biased sources, and a wider variety
of question types; and (4) investigating the practical deployment
of the system, including optimising the computational cost and
addressing the integration challenges into existing workflows.
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