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Abstract

The profusion of knowledge encoded in large language mod-
els (LLMs) and their ability to apply this knowledge zero-
shot in a range of settings makes them promising candidates
for use in decision-making. However, they are currently lim-
ited by their inability to provide outputs which can be faith-
fully explained and effectively contested to correct mistakes.
In this paper, we attempt to reconcile these strengths and
weaknesses by introducing argumentative LLMs (ArgLLMs),
a method for augmenting LLMs with argumentative reason-
ing. Concretely, ArglLLLMs construct argumentation frame-
works, which then serve as the basis for formal reasoning in
support of decision-making. The interpretable nature of these
argumentation frameworks and formal reasoning means that
any decision made by ArgLL.Ms may be explained and con-
tested. We evaluate ArglLLMs’ performance experimentally
in comparison with state-of-the-art techniques, in the context
of the decision-making task of claim verification. We also de-
fine novel properties to characterise contestability and assess
Argl.LMs formally in terms of these properties.

Code and Datasets —
https://github.com/CLArg-group/argumentative-1lms

Extended version — https://arxiv.org/abs/2405.02079

1 Introduction

The profusion of knowledge encoded in large language
models (LLMs) and their ability to apply this knowledge
zero-shot in a range of settings (e.g. as in Brown et al.
(2020); Bubeck et al. (2023); Achiam et al. (2023)) makes
them promising candidates for supporting automated deci-
sion making (Zhang et al. 2023; Ouyang and Li 2023; Wang
et al. 2023). However, they are currently limited by their in-
ability to explain their outputs faithfully, i.e. in a way that
reflects their “reasoning” and knowledge. LLMs also lack
contestability, meaning that there is no mechanism for ex-
ternal agents to reliably dispute and correct the reasoning
steps taken by the model: although users may attempt con-
testation through prompting, the highly stochastic nature of
LLMs provides no guarantee of this achieving the intended
outcome. These abilities (to be explainable and contestable)
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Figure 1: Comparison of our approach (ArgLLM, here in
combination with Mixtral) with existing alternatives. The
example claim is adapted from Truthful QA.



are important for Al systems in general (Henin and Métayer
2022; Lyons, Velloso, and Miller 2021; Leofante et al. 2024)
and for LLMs in particular, given their limitations, e.g.
hallucinations and logical inconsistencies (Shanahan 2024;
Berglund et al. 2023; Fluri, Paleka, and Tramer 2023). In this
paper we explore the following question, grounded in the
context of claim verification as a form of decision-making:

Can LLMs be augmented with the ability to construct
formal arguments in order to give explainable and
contestable outputs?

The question is inspired by argumentative interpretations of
human reasoning (Mercier and Sperber 2011, 2018) and by
the fact that formal argumentation (as understood in Atkin-
son et al. (2017)) has been shown to excel in supporting de-
cision making (Amgoud and Prade 2009) and explainabil-
ity (Cyras et al. 2021). It is also advocated as a suitable ap-
proach towards contestability (Leofante et al. 2024). Further,
Hammond and Leake (2023) argue that the inherent limita-
tions of LLMs can be remedied by the use of symbolic Al
techniques, which include formal argumentation. In a nut-
shell, this (also referred to as ‘computational argumenta-
tion’), represents information in terms of ‘arguments’ and
dialectical relations (of ‘attack’ and, possibly, ‘support’) be-
tween them; it is equipped with ‘semantics’ (and algorithms)
to reach consensus on conclusions to be formally drawn.

Concretely, we propose argumentative LLMs (ArgLLMs).
While existing approaches (Wei et al. 2022; Yao et al. 2023)
prompt LLMs to produce ‘thoughts’ that either enrich the
context of the LLMs or provide disparate reasoning steps,
ArgLLMs provide ‘arguments’ for and against particular
outputs, in the spirit of Miller (2023), as illustrated for claim
verification in Figure 1. This feature of ArgLLMs makes
them a natural fit for complex decision-making tasks (such
as claim verification), wherein an option must be chosen
from a number of possible alternatives. Indeed, in many real-
world settings, a particular decision will have both pros and
cons, which ArgL.L.Ms formalise and leverage.

Overall, we aim to achieve a broader ‘improvement’
in the LLMs’ reasoning, in the spirit of Liao and Wort-
man Vaughan (2024): in addition to achieving reasonable
performance, we target explainability and contestability.
While existing methods for improving the reasoning of
LLMs (such as Wei et al. (2022); Lewis et al. (2020)) do not
necessitate a direct relationship between the reasoning steps
and the final decision (Turpin et al. 2023), our argumentative
approach provides this as a feature of the system. Indeed, we
use the outputs of LLMs to perform deterministic inference
under gradual semantics with quantitative bipolar argumen-
tation frameworks (QBAFs) (Baroni, Rago, and Toni 2019).
QBAFs comprise of arguments, each equipped with an in-
trinsic strength, and attack and support relations. They are
inherently interpretable and thus, as stated in Rudin (2019),
“provide their own explanations, which are faithful to what
the model actually computes”. This is analogous to how the
rules forming a decision-tree model necessarily constitute a
faithful explanation of the model.

Further, ArgLLMs also provide a guarantee of contesta-
bility, in that an intervention in the reasoning process by
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modifying the QBAF (such as by adding support for an argu-
ment or by changing its intrinsic strength) will have a mea-
surable effect on the output.

Throughout the paper, we focus on claim verification as
the decision-making task of interest. This setting lends itself
well to ArglLLMs as claims are often under-determined, so
they may not have straightforward truth values. By intrinsi-
cally considering both arguments in favour of and in con-
flict with the truthfulness of claims, ArglLLMs are able to
ascertain the best answer given the available evidence. For
simplicity, and without loss of generality,! we focus on the
binary setting, rather than general question-answering as in
Wei et al. (2022) and Yao et al. (2023).

In summary, we make the following contributions:

* We define ArglLLMs, a novel interpretable method aug-
menting LLMs with formal, argumentative reasoning.

We perform an evaluation of ArgLLMs’ claim verifi-
cation abilities by comparing four variants thereof with
three baselines (two based on direct prompting, plus the
chain-of-thought approach (Wei et al. 2022)), on three
novel claim verification datasets, adapted from exist-
ing datasets (Truthful QA (Lin, Hilton, and Evans 2021),
StrategyQA (Geva et al. 2021) and MedQA (Jin et al.
2020)). The evaluation shows that ArgL.LMs deliver per-
formance comparable to the baselines with the added
benefit of being faithfully explainable.

We formally characterise contestability properties for Ar-
gL.LLMs, showing formally in which sense ArgLL.Ms may
be deemed contestable.

Figure 2 gives an overview of our approach, which can be
deployed in combination with any LLM.

2 Related Work

Existing research into LLM optimisation has primarily fo-
cused on improving performance on reasoning benchmarks,
with improvements in explainability treated as a desir-
able byproduct. This existing research can be coarsely di-
vided into approaches which exclusively focus on prompt-
engineering (Wei et al. 2022; Yang et al. 2024), and those
which endow LLMs with the ability to utilise external tools,
or information, or extra structural constraints (Schick et al.
2023; Yao et al. 2023; Lewis et al. 2020). Our method is
more closely aligned to the latter, resulting in symbolic, de-
terministically evaluable arguments as its output.
Chain-of-thought approaches (Wei et al. 2022; Zhang and
Parkes 2023) attempt to induce enhanced reasoning through
a specific form of prompting. The prompt specifies (using
either few-shot examples or a verbal description) that the
problem should be broken down into discrete steps, before
the final decision is outputted. However, all the reasoning
takes place within the autoregressively generated output of
the model. Due to the nature of the next token prediction
mechanism underlying these models, this does not guarantee
that the steps in the reasoning, or the final output, actually

'ArgLLMs can be easily extended to the case where there are
multiple possible options by generating a set of candidate answers
and applying our method to each of these.
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Figure 2: Pipeline for ArgLLLMs (in comparison with baselines, see §4 and §5 for the details).

follow from each other (Turpin et al. 2023; Xia et al. 2024).
This undermines the premise that the reasoning is faithful
to the process taking place in the model or that it is directly
related to the final output.

Tafjord, Mishra, and Clark (2022) train an extra model
to measure entailment between reasoning steps and the final
output. While this provides some level of assurance that the
output will be causally related to the explanation, it relies on
an external opaque model, which cannot provide any guar-
antees. Instead, our method builds an argumentation frame-
work which guarantees a resolution solely based on the con-
stituent entities, offering the added advantages of innately
dealing with conflict and being amenable to contestation.

Other related approaches are tree-of-thought (Yao et al.
2023) and graph-of-thoughts (Besta et al. 2024). Similarly
to our method, they result in graph-like structures, composed
of the LLM’s output, which can then be reasoned over post-
hoc. In contrast to our method, the nodes of these graphs
consist of decomposed components of the overall problem.
Instead, ArglLLMs permit a comprehensive and explainable
reasoning process to take place concerning a single claim,
which may be controversial or highly complex. For exam-
ple, a claim such as ‘it is a good idea to drink milk when you
have a cough’, does not naturally lend itself to decompo-
sition, but would benefit from argumentative reasoning, i.e.
evaluating arguments for (e.g. ‘it is a traditional remedy’)
and against (e.g. ‘there have been no scientific studies con-
firming this’). In addition, to the best of our knowledge, no
existing approach attempts to integrate any formal guaran-
tees of contestability, which ArgLLMs naturally provide.

LLMs have also been used to extract logical formulas
from text (Ishay, Yang, and Lee 2023), by combining LLMs’
prowess in dealing with natural language with the complex
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reasoning capabilities of reasoning by answer set program-
ming. ArgLLMs differ from this approach in that we ex-
tract symbolic representations directly from LLMs (rather
than from externally provided text) and deploy a gradual ap-
proach to reasoning (rather than a model-theoretic one), with
the potential to handle uncertainty.

Also relevant to our work are approaches focused specif-
ically on automated claim verification using LLMs, such
as FOLK (Wang and Shu 2023) or HiSS (Zhang and Gao
2023). However, in contrast with ArgLLMs, these works
rely on access to external sources or knowledge bases.

3 Preliminaries

Claim Verification We consider two types of claim veri-
fication: unconditioned and conditioned. For unconditioned
verification, a claim c is evaluated independently, without
any contextual information. The outcome of this evaluation
is binary, represented as v(c) € {0,1}, where v(c) = 1 de-
notes the claim is true, and v(c) = 0 denotes the claim is
false. Meanwhile, conditioned verification considers a claim
c given additional information or context ¢ (with the context
assumed to be truthful). The veracity of ¢ | i is also assessed
in a binary manner, expressed as v(c | i) € {0,1}. Here,
similarly, v(c | i) = 1 denotes the claim ¢, given the context
i, is true, while v(c | 4) = 0 denotes it is false. For ease of
reference, we use x to denote either c or ¢ | .

Computational Argumentation A QBAF (Baroni, Rago,
and Toni 2019) is a quadruple (A, R~,R*,7) comprising:
a set of arguments A; binary, directed relations of attack
R~ C AxA and support RT C Ax A, where R-NRT = {);
and a total function 7 : A — [0, 1], where for any o € A,



7(a) is the base score of o.> For any argument o € A, we
use R~ (o) ={B € A|(B, ) € R~} to refer to the attackers
of wand R* (o) ={B € A|(B, ) € R} to refer to the sup-
porters of a.. Arguments in QBAFs may be evaluated by a
gradual semantics (Baroni, Rago, and Toni 2019), i.e. a to-
tal function o : A — [0, 1] which, for any o € A, assigns a
strength o () to ..’ While 7(«) can be seen as the intrinsic
strength for o, the strength o () can be seen as ‘dialectical’,
following the debate captured by R~ and R*. If we ignore
7 in a QBAF, we obtain a bipolar argumentation framework
(BAF) (Cayrol and Lagasquie-Schiex 2005).

One gradual semantics, the discontinuity-free quantitative
argumentation debate (DF-QuAD) algorithm (Rago et al.
2016), is such that, for a given QBAF (A, R~,R*, ), for
any o € A with n > 0 attackers with strengths vy, ...
m > 0 supporters with strengths v{, ..., v,, and T
o(a) = C(vo, F(vi,...,on), F(Vh,..., 00,
F are defined as follows. For v, = F(vy,...,v,) and v
Fi,...,v): if vg = v, then C(vg, vg,vs) = vo; else if
Vg > s then C(vg, Vg, Us) = Vo — (Vg - [vs — Vg|); Otherwise
C(vg,Va,vs) = vo+((1—vg)-|vs —v4|). Given n arguments
with strengths vy, . .., v,, if n = 0 then F(vy,...,v,) =0,
otherwise F(v1,...,v,) = 1 — [, (|1 — v;]). Note that
DF-QuAD (like all other gradual semantics) is deterministic.

In this paper, we assume all (Q)BAFs are restricted,
similarly to (Rago, Li, and Toni 2023), as follows. For
Q= (AR ,R",7) aQBAF and B = (4, R",R") a
BAF, for any «,f € A, let a path from « to 8 be p =
{(ag, 1), -+« (Qp—1,ty)) for some n > 0 (referred to as
the length of p, denoted |p|) where ag = «, o, = 8 and,
forany 1 <i <, (a;j—1,;) € R~ URT. Let paths(a, )
and |paths(«, )| indicate the set of all paths from « to £,
and the number of paths in paths(«, ), respectively. Then,
for o* € A, Q/B is a QBAF/BAF for o* iff

i) Ya € A, paths(a*, o) = () and paths(a, ) = 0);

ii) Vae A\ {a*}, |paths(a, a*)| = 1.

Intuitively, (Q)BAFs for a* can be seen as trees with root a*.
We call leaves any unattacked and unsupported arguments in
(Q)BAFs (i.e. avis aleaf if R~ (a)UR™ (o) =0).

We also use pro and con arguments in QBAFs as in Rago,
Li, and Toni (2023). Let Q be a QBAF for o*. Then, the pro
arguments and con arguments for Q are, respectively:

o pro(Q)={a€cA|Tp € paths(a, a*), with|p N R~ |even};

e con(Q)={acA|Tp € paths(«, a*), with|p N R~ |odd}.
In the remainder, unless specified otherwise, we let Q denote
the QBAF (A, R~,R™, 7). For any gradual semantics o, we
let oo () denote the strength of & € Ain Q.

7U1’L’
(a) = vo,
)), where C and

4 Argumentative LLMs

Our method is based on extracting interpretable QBAFs
from LLMs and formally reasoning with them with grad-
ual semantics. As shown in Figure 2, there are three integral
components in ArgLLMs: argument generation, intrinsic ar-
gument strength attribution and argumentative strength cal-
culation. We outline them here, for any input claim z (see

2The codomain of 7 is defined more generally by Baroni, Rago,
and Toni (2019), but we use here its most common form.
3 As with 7, we use the most common codomain for o.
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§3), and give implementation details for claim verification
in §5.

Argument generation Argument generation returns a
BAF B for x (see §3):

I'(z,G,0) — B.

Here, T" is a generating function, G denotes the underpin-
ning generative model, and 6 represents the parameters as-
sociated with the argument generation, e.g. the split between
attackers and supporters for each argument and the desired
width and depth of the BAF, determined respectively by the
number and length of paths from z to leaves in 5. For illus-
tration, in Figure 1, we set 6 to generate a BAF with width 2
and depth 1. Note that, in general, § may influence G to de-
termine depth and width dynamically, e.g. based on the se-
mantic originality of the incrementally generated arguments.
Previous work has shown that LLMs are able to effec-
tively generate counter-arguments given a preexisting argu-
ment (Chen et al. 2023; Furman et al. 2023). Leveraging this
capability, we use LLMs (in conjunction with prompts) as
the underpinning generative model G, to produce both at-
tacking and supporting arguments to populate a BAF.

Intrinsic argument strength attribution Intrinsic argu-
ment strength attribution adds base scores to the BAF, to ob-
tain a QBAF QO for x:

E(B,E) — Q.

Here, £ is an evaluative function and E is an evaluative
model. For illustration, in Figure 1, we obtain values of 0.85
for the supporter and 0.70 for the attacker (reported as con-
fidence values in the visualisation shown).

There have been a number of previous attempts to as-
sess the quality of arguments, which can be seen as a
proxy for their intrinsic strength. These attempts have ei-
ther used pairwise comparison between arguments (Haber-
nal and Gurevych 2016; Simpson and Gurevych 2018), or
human-annotated arguments (Lauscher et al. 2020). How-
ever, producing such data is resource intensive. Instead, in
all instantiations of ArglLLMs in this paper, we rely on the
knowledge embedded into the LLMs, using them as the eval-
uative model, F, zero-shot and without any task-specific
fine-tuning. There have been some analogous uses of LLMs,
such as for forecasting (Halawi et al. 2024), where the mod-
els are used to assign numerical confidences to their outputs
(within the same context window). Incidentally, our present
study can be seen as assessing if this is an ‘emergent’ ca-
pability of current LLMs to assess argument quality, as we
deem unlikely that either the pre-training or the supervised
training stages contained many instances of this fairly niche
task. Assigning an intrinsic strength to an argument is quite
subjective, and so a direct comparison between human and
machine ratings may not be an ideal analysis (as it is highly
likely that there would be a large variation between human
scores for an individual argument). Thus, using the scores
for an objective-driven, empirical task (claim verification),
and ascertaining their suitability post-hoc, is perhaps a more
effective method of assessing this capacity in LLMs.



Argumentative strength calculation Argumentative
strength calculation amounts to applying a gradual seman-
tics to resolve the conflicts within the QBAF and obtain an
assessment of x:

Y(z,Q,0) = og(x).

Here, X represents the strength calculation function, and o
(DF-QuAD in the main experiments in §5) is a chosen grad-
ual semantics. The output og(x) represents the evaluated
strength (or degree of acceptability) of the input x accord-
ing to o, taking into account the structural (dialectical) and
quantitative (base score) aspects of the QBAF. For illustra-
tion, in Figure 1, we obtain a value of 0.75 for the claim
(reported as confidence value in the figure).

The strength of x can be seen as the final output of Ar-
gLLMs but it can also be used to determine further outputs,
e.g., in the case of claim verification, to determine whether
the input claim z is true or false. In Figure 1, given that the
computed value for the claim is above 0.5, the ArgLLM re-
turns the label True (we use 0.5 as threshold in all our exper-
iments in §5). While we did not empirically validate or tune
the value of this threshold, we chose it for suitability for the
task of claim verification and ease of empirical validation.

In addition to the computed value/decision, Argl.LMs
also return the computed QBAF as the reasoning trail for
the outputs and thus can be deemed to be interpretable. The
output can be directly attributed to the generated arguments
and their associated strengths, and the QBAF can serve as an
explanation for why a decision has been made. In addition,
should the QBAF be large, explanations in various forms
can be extracted from the QBAFs, e.g. argument attribu-
tions (Yin, Potyka, and Toni 2023; Kampik et al. 2024), rela-
tion attributions (Yin, Potyka, and Toni 2024b) and counter-
factuals (Yin, Potyka, and Toni 2024a). These explanation
would allow human users to manually check only the most
significant components of the QBAFs, and their respective
scores. This makes Argl.LMs amenable to human oversight,
even in cases where there may be very many arguments.

5 Performance Evaluation

In this section, we describe the experiments evaluating the
reasoning performance of ArglLLMs on our selected task
of claim verification.* We derive claims from existing QA
datasets (for an example, see Figure 1). Also, we experiment
with a range of parameters, 6, in the argument generation
component and with several choices for E. We report re-
sults for DF-QuAD as o in the ¥ component, but include
results for another choice of gradual semantics (quadratic
energy (Potyka 2018)) in the Supplementary Material in the
extended version (referred to in the remainder in short as
SM).

5.1 Experimental Set-up
Datasets We focus on three claim verification datasets
adapted from existing Q/A datasets: TruthfulClaim (adapted

*All our experiments are executed with two RTX 4090 24GB
GPUs on an Intel(R) Xeon(R) w5-2455X.
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from Truthful QA (Lin, Hilton, and Evans 2021)), Strat-
egyClaim (adapted from StrategyQA (Geva et al. 2021))
and MedClaim (adapted from MedQA (Jin et al. 2020)).
For the purposes of our experiments, we transformed the
question-answer pairs in each of the original datasets into
claims with true/false labels. We did not use the original
data directly as the LLMs we experimented with did not per-
form adequately when evaluating the validity of question-
answer pairs rather than self-contained claims. To gener-
ate the claims for each Q/A pair, we used LLMs, manually
checking and amending the results to ensure their correct-
ness. The three datasets have different flavours, reflecting
the original datasets’: Truthful QA was curated specifically
to evaluate if LLMs are able to identify truthful answers
without being deceived by common misconceptions and
falsehoods; StrategyQA was designed to evaluate whether
LLMs can strategically reason; and MedQA evaluates mod-
els on claims associated with medical problems from the
professional medical board exams. TruthfulClaim and Strat-
egyClaim embed unconditioned claim verification, whereas
MedClaim embeds conditioned claim verification. For our
experiments, we select 700 claims from TruthfulClaim and
StrategyClaim (200 for the prompt selection experiments, as
discussed later, and 500 for the main experiments), and 500
claims from the MedClaim dataset for the main experiments.
All the datasets we use for our main experiments are bal-
anced (i.e. 250 True and 250 False labels). The restriction to
subsets of the datasets is due to the resource cost with LLMs.

LLMs We use seven main models: Mistral (Mistral-
7B-Instruct-v0.2) (Jiang et al. 2023), Mixtral (Mixtral-
8x7B-Instruct-v0.1) (Jiang et al. 2024), Gemma (gemma-
7b-it) (Mesnard et al. 2024), Gemma 2 (gemma-2-9b-
it) (Riviere et al. 2024), Llama 3 (Meta-Llama-3-8B-
Instruct) (Dubey et al. 2024), GPT-3.5-turbo (GPT-3.5-
turbo-0125) (Brown et al. 2020) and GPT-40 mini (gpt-4o-
mini) (OpenAl 2024). We chose Mistral, Mixtral, Gemma
and Llama 3 as they were among the most known and best-
performing open-source® models of reasonable size at the
time of our evaluation. In order to reduce the computational
costs of running the open-source models, we quantise them
to 4 bits (Dettmers et al. 2023) for both the baselines and
our method. As representatives of models with proprietary
weights, we chose GPT-3.5-turbo and GPT-40 mini, since
they had the best performance/cost trade-off. For all the
models, we use parameters: temperature 0.7, max new to-
kens for arguments 128, max new tokens for baselines 768,
top-p 0.95 and repetition penalty 1.0.

Baselines We compare our method with three base-
lines: direct questioning (‘“Direct Question” in short), es-
timated confidence (“Est. Confidence” in short) and ques-
tioning with chain-of-thought (Wei et al. 2022) (‘“‘Chain-of-
Thought” in short). The direct questioning baseline consists
of directly asking the LLMs if the given claim is true or false
by prompting, where we constrain the output of the open-
source LLMs to true or false. For the estimated confidence,

>We consider a broad notion of the term “open-source”, not nec-
essarily implying the use of OSI-approved licenses.



Please provide a single short argument
{"supporting”/"attacking"} the following claim.
Construct the argument so it refers to the
truthfulness of the claim. Only provide an
argument if you think there is a valid and
convincing {"support”/"attack"} for this claim
(there is a non-zero probability that the claim is
true), otherwise return: N/A.

Claim: {claim}

Now take a deep breath and come up with
an argument.

Argument:

Figure 3: Prompt used for I'. {“supporting”/“attacking”}
and {“support”/“attack”} are determined by 6.

we ask the LLMs for a numerical confidence score for the
given claim, ranging from O to 100. Similarly to direct ques-
tioning, we constrain the output of the open-source LLMs to
the associated values. We consider the claim to be predicted
as truthful if the outputted confidence is greater than 50 and
false otherwise. Finally, Chain-of-Thought breaks down the
problem into multiple steps before the final decision is out-
putted. Then, we pass the reasoning back to the LLM, in a
separate context window, to get the final decision.

Prompt Selection We take a principled approach for
prompt selection, as slight variations in prompting on down-
stream task performance can be significant (Santu and Feng
2023). To reduce the impact of prompt choice on our fi-
nal evaluation, we independently devised three different
prompts for both ArglL.LMs and the baselines.

We evaluate all prompts, and the combinations thereof,
in a pilot experiment on two validation sets of 200 samples
each, taken from TruthfulClaim and StrategyClaim, using
Mistral and Mixtral models (selected as two substantially
different open-source models). In this evaluation, we sepa-
rately considered the prompts for the baselines and ArgLLM
components. We find a large variation in performance for
any prompt with any given dataset and model combination,
both for ArgL.LMs and the baselines. We choose the highest
average scoring prompts over all tested models and datasets.
The results of these experiments are in the SM.

ArgLLLM Variations In our experiments, we use four dif-
ferent variations of Argl.LMs. For all the variations, we use
the same prompts for argument generation (I"), given in Fig-
ure 3, and intrinsic argument strength attribution (£), given
in Figure 4. In order to assess accuracy for claim verification
we use a similar threshold as for the Est. Confidence base-
line — if the the input claim’s final strength is greater than
0.5 it is classified as true, and otherwise as false.

The four variations we consider arise from the hyperpa-
rameters # and the choice of intrinsic strength for the input
claim by £. For 6, we consider two options — Depth=1 and
Depth=2: BAFs with Depth=1 are composed of the claim
along with two generated arguments (a supporter and an
attacker); in BAFs with Depth=2, we recursively generate
a supporter and an attacker for each of the arguments in
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You are an analyst evaluating the validity and
relevance of arguments. For the argument:

Argument: "{argument}”

please give your confidence that the argument
presents a compelling case {'in favour
of’/'against'} the statement:

Statement: "{parent argument}”

Your assessment should be based on how well
the argument {'supports’/'refutes'} the
considered statement as well as the correctness,
accuracy and truthfulness of the given argument.
Your response should be between 0% and 100%
with 0% indicating that the considered argument
is definitely invalid, 100% indicating that the
considered argument is definitely valid and
values in between indicating various levels of
uncertainty. Your estimates should be well-
calibrated, so feel free to err on the side of
caution and output moderate probabilities if you
are not completely sure in your assessment.
Please respond in the following form:

Likelihood: The predicted likelihood that the
considered argument is valid
Likelihood:

Figure 4: Prompt used for £. {“in favour of */“against”} and
{“supports”/“refutes”} depend on the type of {argument}.

Depth=1, giving seven arguments in total. The input claim
can either be given a neutral score of 0.5 (0.5 Base Arg in
short), which means that its final strength will be solely de-
termined by the remaining arguments in the QBAF, or can
be assigned a confidence score as for the other arguments
(Est. Base Arg in short). By considering the combinations
of the above choices, we get the 2 x 2 = 4 variations.

5.2 Evaluation Results

Generally, accuracy (see Table 1) varied on different datasets
across different LLMs. However, Chain-of-Thought, Direct
Questioning, and ArgLLMs with estimated base score for
the topic argument performed best.

Table 1 also includes results on an extra MedClaim ex-
periment with GPT-40 (gpt-40-2024-08-06), testing the per-
formance of ArglL.LMs when used with a larger model. The
results indicate that Direct Question and Chain-of-Thought
had the best accuracy, followed by Est. Base Arg (D=1). This
result might indicate that even powerful models have rela-
tively limited zero-shot capabilities in argument generation
and estimation, highlighting the potential for task-specific
finetuning.

Overall, as the table shows, ArgLLMs perform compa-
rably with Chain-of-Thought. However, perhaps the most
important features of ArgLLMs cannot be adequately cap-
tured by quantitative metrics such as accuracy. One such fea-
ture is that the outputs generated are faithful explanations in



Direct Est. Chain-of- 0.5 Base 0.5 Base Est. Base Est. Base

Question Confidence  Thought | Arg (D=1) Arg(D=2) Arg(D=1) Arg(D=2)
Mistral 0.73 0.73 0.75 0.65 0.67 0.76 0.75
Mixtral 0.77 0.77 0.76 0.72 0.72 0.81 0.78
Truthful Gemma 7B 0.65 0.62 0.68 0.64 0.62 0.63 0.62
Claim Gemma 2 9B 0.78 0.74 0.78 0.68 0.68 0.73 0.73
Llama 3 8B 0.66 0.69 0.70 0.63 0.61 0.68 0.69
GPT-3.5-turbo 0.70 0.73 0.74 0.60 0.64 0.73 0.72
GPT-40 mini 0.78 0.79 0.79 0.74 0.78 0.81 0.81
Mistral 0.60 0.61 0.68 0.58 0.61 0.62 0.60
Mixtral 0.68 0.67 0.64 0.62 0.66 0.68 0.70
Strategy Gemma 7B 0.55 0.56 0.58 0.56 0.59 0.57 0.57
Claim Gemma 2 9B 0.71 0.71 0.72 0.65 0.67 0.71 0.70
Llama 3 8B 0.61 0.59 0.65 0.54 0.53 0.61 0.58
GPT-3.5-turbo 0.73 0.70 0.72 0.56 0.57 0.70 0.67
GPT-40 mini 0.77 0.74 0.75 0.66 0.67 0.74 0.75
Mistral 0.55 0.57 0.61 0.50 0.51 0.53 0.52
Mixtral 0.60 0.62 0.61 0.59 0.56 0.61 0.63
Gemma 7B 0.52 0.53 0.55 0.51 0.52 0.52 0.52
Med Gemma 2 9B 0.61 0.58 0.62 0.57 0.59 0.60 0.59
Claim Llama 3 8B 0.54 0.56 0.58 0.51 0.53 0.53 0.52
GPT-3.5-turbo 0.67 0.57 0.67 0.56 0.55 0.57 0.57
GPT-40 mini 0.74 0.71 0.72 0.62 0.65 0.71 0.71
GPT-40 0.85 0.82 0.85 0.74 0.76 0.83 0.80

Table 1: Accuracy of three baselines and four variations of ArgL.LLMs (all using c=DF-QuAD) on claim verification tasks. The
best result for each model-dataset combination is indicated in bold. Values within 0.03 of the best results are underlined.

terms of arguments, from which decisions can be determin-
istically derived, rather than decisions alone. While Chain-
of-Thought can also be seen as providing reasons, these may
not be faithful to the true, stochastic reasoning process of the
model (as noted by Turpin et al. (2023)). In contrast, the fi-
nal decision outputted by ArgLLMs is faithfully determined
by the arguments and the argumentation semantics.

6 Contestability

Another unique feature of ArgLLMSs is contestability. The
(faithful) explainability of Argl.LLMs offers plentiful oppor-
tunity to disagree with the reasoning, either in terms of the
arguments generated being relevant or true, or the intrinsic
strengths that have been attributed to them being representa-
tive of the extent to which they support or attack their ‘par-
ent’ argument. For illustration, consider Figure 5. Here, a
user presented with the output of the ArgL.LM may disagree
with some parts of the argument attacking the claim. This
may lead the user to decrease the argument intrinsic strength
and contest the False label originally determined by the Ar-
gLLM. A further illustration can be found in the SM.

Here, we frame formally the contestability functional-
ity for ArgLLMs, by proposing two notions of contesta-
bility in the QBAF setting. This formal analysis applies to
QBAFs of any depth and width. Since QBAFs are composed
of arguments/relations and base scores (intrinsic argument
strength), ArgLLMs can be contested on two fronts.

We start with a property governing contestability on base
scores:

Property 1. A gradual semantics o satisfies base score
contestability iff for any QBAF Q for o*, for any Q' with
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A = AR =R, RY = R, and, for B € A
~(8) < 7(8) while 7(7) = () for all 7 € A\ {B}:

o if B € pro(Q), then og(a*) < oo/ (a*);

o if § € con(Q), then og(a*) > oo (a™).

This property formalises that increasing the base score of
pro/con arguments in a QBAF for an argument will not de-
crease/increase (respectively) the argument’s final strength®.

Example 1. Let Q be as in Figure 6, and o be DF-QuAD.
Since there is only one (odd number) attack from 3 to o, B €
pro(Q). Then, increasing T(8) will not decrease oo ().

The next property states that the output of ArgLL.Ms can be
contested by adding or removing arguments and relations.

Property 2. A gradual semantics o satisfies argument re-
lation contestability iff for any QBAF Q for o, for any Q'
with A'= AU{B}, R~'URT =R~ URTU{(B, )} for
some o € A, and 7'(v) = 7(7) forall v € A:

e if 5 € pro(Q'), then og(a*) < oo/ (a*);

e if 5 € con(Q'), then og(a*) > oo/ (a*).
Example 2. Let Q be as in Figure 6, and o be DF-QuAD.
If we contest Q by adding an attacker § to ~y (to obtain Q'
in Figure 7), then 6 € pro(Q’) because there are two (even
number) attacks from § to a. Then, og(a) < og/(a).

We now give a theoretical result demonstrating DF-QuAD’s
suitability for providing contestability in ArgLLMs (the
proof can be found in the SM).

Proposition 1. DF-QuAD satisfies base score contestability
and argument relation contestability.

SPro/con arguments no longer affect oo (a*) when it is 1 or 0.



Claim

@ Support

Attack@

/While it might seem unlikely that birds )

would have any significance to the sport of
badminton, there is still a connection to be
made. One important aspect of badminton
is the shuttlecock, the cone-shaped
projectile used to hit the net. Interestingly,
the shape of the shuttlecock was inspired
by the feathered design of bird's wings,
specifically that of a bird called the
Chinese goose. The structure of the
feathers on the shuttlecock is meant to
mimic the aerodynamics of a bird's wing in

(While birds are fascinating creatures and A

can sometimes be found near badminton
courts, the claim that birds are important to
badminton is tenuous at best. The sport of
badminton, which involves hitting a
shuttlecock over a net, does not require
the presence of birds. In fact, the
shuttlecock used in badminton is not bird-
related at all; it is called a "shuttlecock”
because the shuttle-shaped projectile is
historically made with feathers, but these
are goose or duck feathers, not those of

flight, allowing the shuttlecock to travel
\_smoothly and swiftly. W,

birds typically associated with badminton
\_such as sparrows. J

o

e

Figure 5: An example of contestation, in the ArgLLM with Mixtral, for a claim taken from StrategyClaim. Before contestation,
the claim was (incorrectly) classified as False, but after contesting the intrinsic strength of the attacking argument from 0.9 to
0.5 (citing the fallacious reasoning highlighted in red), the correct True classification results.

Figure 6: Base score contestability (Example 1).

00000
Figure 7: Argument relation contestability (Example 2).

Note that stronger versions of Properties 1 and 2 can be de-
fined, with strict inequalities, satisfied by the quadratic en-
ergy model gradual semantics (Potyka 2018) (see the SM).

7 Conclusions & Future Work

We have proposed ArgLL.Ms, harnessing the knowledge en-
coded in any LLMs to obtain interpretable outputs that can
be faithfully explained and provably contested - without
requiring any fine-tuning or external resources. We have
shown that Argl.LMs’s added value does not lead to com-
promising prediction accuracy in the task of claim verifica-
tion in comparison with state-of-the-art prompting methods.

Our work opens several avenues for future study. Sam-
pling multiple outputs of the same LLM or taking the
weighted value of the relevant logits in the final layer could
provide more sophisticated means for the intrinsic argument
strength attribution component. Furthermore, an adapted
version of the ‘semantic uncertainty’ (Kuhn, Gal, and Far-
quhar 2023) method may be devised, wherein one directly
clusters semantically similar sampled arguments, rather than

having to prompt models for numerical scores.

Another potential direction for the first two components,
argument generation and intrinsic strength attribution, is the
ensembling of many different LLMs, to harness the hetero-
geneous knowledge encoded therein. In a similar vein, us-
ing information retrieval or retrieval augmented generation
(Lewis et al. 2020) may improve the generated QBAFs. We
also plan to conduct more experiments on how tuning hyper-
parameters, e.g. temperature, would impact performance.

It would also be interesting to study the generated QBAFs
in terms of the properties for general argumentative expla-
nations in the spirit of Kotonya and Toni (2024), and to
consider other formal properties of contestability and results
for other gradual semantics for QBAFs. We also plan to un-
dertake human evaluations of ArgL.LMs. Finally, the trans-
parency and contestability properties of ArglL.LMs make
them an ideal candidate for highly complex, uncertain and
high-stakes scenarios, including business, medical or legal
decision-making where ArgLLLLMs could be used in conjunc-
tion with domain-experts providing arguments of their own.
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