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Abstract

Contestable Al requires that Al-driven decisions align with
given subjective user preferences. Various types of argu-
mentation frameworks have been shown to support forms of
contestability. In this paper we focus on the little-studied
Edge-Weighted Quantitative Bipolar Argumentation Frame-
works (EW-QBAFs), where arguments have a base score as in
QBAFs but attacks and supports (edges) are weighted. After
generalising gradual semantics and properties thereof from
QBAFs to EW-QBAFs, we introduce the contestability prob-
lem for EW-QBAFs, which asks how to modify edge weights
to achieve a desired strength for a specific topic argument.
To address this problem, we propose gradient-based relation
attribution explanations (G-RAEs), which quantify the sensi-
tivity of the topic argument’s strength to changes in individ-
ual edge weights, thus providing interpretable guidance for
weight adjustments towards contestability. Building on G-
RAEs, we develop a heuristic algorithm that progressively ad-
justs the edge weights to attain the desired strength. We eval-
uate our approach experimentally on synthetic EW-QBAFs
that simulate the structural characteristics of personalised rec-
ommender systems and multi-layer perceptrons, demonstrat-
ing that it can support contestability effectively.

1 Introduction

Contestable Al (Lyons, Velloso, and Miller 2021; Alfrink
et al. 2023; Leofante et al. 2024) studies Al systems that
allow users to challenge their outputs. This is particularly
relevant when these outputs deviate from expected or de-
sirable results. Such deviations may arise from misalign-
ments with subjective user preferences. To enable con-
testable Al, recent work (Leofante et al. 2024) advocates
computational argumentation (see (Atkinson et al. 2017) for
an overview) as a promising paradigm, due to its inherent
abilities to support conflict resolution, explainability and in-
teractivity (e.g., as in (Cocarascu, Rago, and Toni 2019;
Rago, Li, and Toni 2023; Potyka, Yin, and Toni 2023;
Chen, Yin, and Toni 2025)), all properties that have been
acknowledged as important for contestable Al (Lyons, Vel-
loso, and Miller 2021; Alfrink et al. 2023; Almada 2019).
Among various forms of computational argumentation,
Edge-Weighted Quantitative Bipolar Argumentation Frame-
works (EW-QBAFs), in the spirit of (Mossakowski and
Neuhaus 2018; Potyka 2021; Chi et al. 2021), allow rea-
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Figure 1: Example of EW-QBAF-based movie PRS (adapted from
(Cocarascu, Rago, and Toni 2019)). Blue and red nodes represent
supporters and attackers, respectively. Edges labelled + and - indi-

cate support and attack relations, respectively. Values on nodes and
edges indicate their base scores and weights, respectively.
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soning to be naturally modelled over conflicting and sup-
porting information in a quantitative way. We see EW-
QBAFs as consisting of four components: arguments, re-
lations (of attack and support), base scores of arguments,
and edge weights of relations. The strengths of arguments
can be evaluated by EW-QBAF semantics, similarly as for
QBAFs (Mossakowski and Neuhaus 2018), but depending
on edge weights as well as base scores and the strengths of
attackers and supporters.

EW-QBAFs are well-suited in a number of contexts, e.g.
multi-layer perceptrons (MLPs) are EW-QBAFs (Potyka
2021). For illustration, consider Personalised Recommender
Systems (PRSs). While black-box PRSs rely on implicit
subjective user preference parameters that are hard for users
to understand, EW-QBAFs offer an interpretable structure
where subjective user preferences are explicitly represented
by edge weights '. For example, Figure 1 shows an EW-
QBAF for movie recommendation. Here, the top-level ar-
gument reflects the overall evaluation of a movie, influenced
by criteria arguments such as acting and writing, which are
further influenced by sub-criteria arguments like specific ac-
tors. The base scores reflect the credibility of criteria (e.g.,

'“Subjective user preferences” in this paper denotes user-
specific degrees of influence encoded by edge weights, rather than
preference relations, such as preorders or partial orders.
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“the acting quality is high”), possibly derived from aggre-
gated reviews (Cocarascu, Rago, and Toni 2019). In con-
trast, edge weights represent subjective user preferences —
how strongly a user values the influence of each criterion.
Although edge weights can be learned from personal be-
havioural data (e.g., ratings and clicks), such learned sub-
jective user preferences may not always reflect users’ actual
strength, potentially leading to unsatisfactory recommenda-
tions. In such cases, modifying edge weights is a natural
way for users to contest the system’s reasoning and align
recommendations with their subjective preferences.

This motivates the central contestability problem in this
paper: given a topic argument o and a desired strength
s, how can the edge weights be modified such that the re-
sulting strength of o equals s? To facilitate its solution, we
introduce a notion of gradient-based relation attribution ex-
planations (G-RAEs) for EW-QBAFs. Intuitively, G-RAEs
quantify the sensitivity of the topic argument’s strength to
changes in individual edge weights. They thus can serve
as interpretable indicators, suggesting how much an edge
weight should be increased or decreased. Based on G-RAEs,
we design a heuristic algorithm that progressively adjusts the
edge weights to reach the desired strength. Experimental re-
sults on synthetic EW-QBAFs, designed to simulate MLP
and PRS structures, demonstrate that our heuristic algorithm
is effective in attaining the desired strength, runs in polyno-
mial time, and scales well to large and dense EW-QBAFs.

In summary, our main contributions are as follows:

* We formally define EW-QBAFs and their gradual seman-
tics, generalising those of QBAFs (Section 4).

* We introduce new properties for EW-QBAFs that explain
the effects of edge weight changes (Section 5).

* We formally define the contestability problem for EW-
QBAFs (Section 6).

* We formally define G-RAEs and study their satisfaction
of existing properties (Section 7).

* We develop an algorithm based on G-RAEs to solve the
contestability problem (Section 8).

* We empirically show the effectiveness and scalability of
our algorithm (Section 9).

All technical proofs and the implementation code are pro-
vided in the supplementary material (SM).

2 Related Work

Various proposals for contestable Al have been made
(Hirsch et al. 2017; Almada 2019; Alfrink et al. 2023;
Russo and Toni 2023). (Leofante et al. 2024) classified con-
testable Al solutions along three dimensions: the contested
entities, the contesting entities, and the contestation method.
In our work, the contested entities are the topic arguments’
strengths; the contesting entities are humans (e.g., users of
PRSs or domain experts using MLPs); and the contesting
method is based on the novel notion of G-RAEs.
Argumentation  naturally  supports  contestability.
For example, (Shao et al. 2020) proposed structured

677

argumentation-based learning methods that leverage the ex-
pressive power of universal function approximators, such as
neural networks, while preserving a broad range of tractable
inference routines. These methods can provide argumen-
tative explanations for the decision-making process, which
can in turn be contested to facilitate model revision, e.g., for
a correct output based on incorrect reasoning. Also, (Freed-
man et al. 2025) employed QBAFs to enhance explainability
and contestability in the context of claim verification for
large language models (LLMs). In this work, the strength
of a topic argument can be contested either through base
score modification, or by introducing additional arguments
and relations. Our contestability problem is also related to
the counterfactual problem (Yin, Potyka, and Toni 2024b;
Kampik et al. 2026). This studies how base scores can be
changed to change a decision (e.g., revising a credit score
in loan approval systems), while our contestability problem
focuses on modifying edge weights. The former can be seen
as adjusting the apriori belief in an argument, whereas the
latter corresponds to adjusting the relevance of an argument
for a discussion.

In a wider sense, our work is related to attribution expla-
nations in machine learning (Baehrens et al. 2010; Ribeiro,
Singh, and Guestrin 2016; Potyka, Yin, and Toni 2022;
Lundberg and Lee 2017; Peacock et al. 2025), as well as Ar-
gument Attribution Explanations (AAEs) (Cyras, Kampik,
and Weng 2022; Yin, Potyka, and Toni 2023a; Kampik et
al. 2024; Anaissy et al. 2024) and Relation Attribution Ex-
planations (RAEs) (Amgoud, Ben-Naim, and Vesic 2017;
Yin, Potyka, and Toni 2024c¢) in argumentation. AAEs and
RAESs aim to quantify the influence of individual arguments
and relations, respectively, on a topic argument (Yin, Potyka,
and Toni 2024a). For example, gradient-based AAEs assess
this influence by computing the gradient of the topic argu-
ment’s strength with respect to the influencing argument’s
base score, thereby capturing the former’s sensitivity to the
latter. In contrast, Shapley-based RAEs quantify the influ-
ence of a relation (i.e., an attack or support) on the topic
argument by leveraging Shapley values from cooperative
game theory (Shapley 1953). Our G-RAEs adopt the idea
of gradient-based AAEs, but focus on assessing the impor-
tance of relations, as RAEs do, but for EW-QBAFs.

3 Background
A OBAF is a quadruple Q = (A, R, R, 7) where:
e A is a finite set of arguments;
e R~ C A x Ais a binary attack relation;
*« Rt C A x Ais abinary support relation;
e R-NRT =10
o 7: A —[0,1] is a base score function.

Let R =R~ UR™T throughout this paper. We will use the
following notions, originally defined for QBAFs but also ap-
plicable to EW-QBAFs.

Definition 1 (Paths). For any o, € A, we let posp
((70,71)s s (Yn=1,7n))(m > 1) denote a path from «
to B, where o« = v, f = Yn, vi € A1 < i < n) and
(Vi-1,7) € R.



Proceedings of the 23rd International Conference on Principles of Knowledge Representation and Reasoning
Main Track

Let |pap| denote the length of path pys. Let Pyp
and | P, g| denote the set of all paths from « to 5, and the
number of paths in P, g, respectively.

Definition 2 (Edge Types). Let o, 3,7 € A be pairwise
distinct and (8, ), (8,7) € R.

1. (B,a) € R is a direct edge w.r.t. o

2. (B,7) € R is an indirect edge w.r.t. o if |Pyo| = 1;

3. (B,7) € R is a multifold edge w.r.t. o if |Pysal > 1;

4. (B,7) € R is anindependent edge w.r.t. cvif |Pysq| = 0.

Gradual semantics for QBAFs usually belong to the fam-
ily of modular semantics (Mossakowski and Neuhaus 2018).
For these semantics, strength values are computed iteratively
by an update procedure that initializes the strength values
with the base score and updates them repeatedly. They
are called modular because the update function can be de-
composed into an aggregation function that aggregates the
strength values of attackers and supporters, and an influence
function that adapts the base score based on the aggregate.
The former has the form agg(A, S), where A and S are mul-
tisets of attack and support values. Examples include

Sum: aggy(A4,8) =) co® =D ca®

Product: aggr(A,S) =[[,ca(1 —2) =], cs(1 —2).
Product-aggregation is used for the DF-QuAD semantics
(Rago et al. 2016), while sum-aggregation is used for
the restricted Euler-based (REB) semantics (Amgoud and
Ben-Naim 2016; Amgoud and Ben-Naim 2018), and the
quadratic energy (QE) semantics (Potyka 2018).

A and S are initialized with the strength values of attack-
ers and supporters.

A7 ={o(B) | BER (o)}, 1)
57 ={o(B) | BeR ()} )

Influence functions have the form infl(B, A), where B is a
base score and A is a real number (the aggregate computed
by the aggregation function). Intuitively, the influence func-
tion will increase (decrease) the base score if the aggregate
is larger (smaller) than 0 while respecting the bounds 0 and
1 of the strength domain. For example, the influence func-
tions of the DF-QuAD (Rago et al. 2016) and QE (Potyka
2018) semantics have the form

infl(B,A)=B —B-h(—A)+ (1 - B)-h(A),
max{0,z} for DF-QuAD and h(z) =
max{0,z}?

TFmax{0,z}% for QE. Finally, the general algorithm for com-

puting strength values under modular semantics can be de-
scribed as follows:

where h(z) =

Initialization: for all arguments a, let (%) (o) = 7(a).

Update: for i € Ny: for all arguments a, let 1) (o) =
infl(7(a), agg(Ag(i) , Sg(i))). Stop if difference between
o and o) is sufficiently small.

For acyclic QBAFs (such that there is no path from an argu-

ment to itself), the algorithm is equivalent to a simple for-

ward pass with respect to a topological ordering of the ar-
guments, and the strength values can be computed in linear
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time (Potyka 2019). For cyclic QBAFs, sufficient conditions
for convergence exist, but they need to make strong assump-
tions about the indegree of arguments or the base scores
(Mossakowski and Neuhaus 2018; Potyka 2019). While
the conditions are not necessary, the literature contains var-
ious examples of cyclic QBAFs where the algorithm fails
to converge (Mossakowski and Neuhaus 2018; Potyka and
Booth 2024). In this case, strength values remain unde-
fined. However, in all known cases, convergence problems
can be solved by continuizing the semantics (Potyka 2018;
Potyka 2019; Potyka and Booth 2024).

4 EW-QBAFs and Gradual Semantics

We consider EW-QBAFs, in the spirit of (Mossakowski and
Neuhaus 2018; Potyka 2021; Chi et al. 2021).

Definition 3 (Edge-Weighted QBAF). An Edge-Weighted
QBAF is a quintuple Q = (A, R~ , R, 7,w) where:

e (A,R™,R", ) is a QBAF;
e w:R™UR' — [0,1] is an edge weight function.

In the remainder, unless specified otherwise, we assume
an EW-QBAF Q = (A,R~,R*, 7, w). Forany o, 3 € A,
we define the sets of incoming attacks, supports, and edges
of a as follows: R~ (o) = {(B,«a) | (B,a) € R},
R (a) = {(B,@) | (B,a) € RT}, R(a) = R™(a) U
R ().

EW-QBAF gradual semantics assign a strength to every
argument, in the spirit of gradual semantics for QBAFs, but
factoring in also the edge weights.

Definition 4 (Edge-Weighted Gradual Semantics). An edge-
weighted gradual semantics is a function o : A — [0,1] U
{L}. We call o(«) the strength of « and say that it is unde-
fined only if o () = L.

Gradual semantics for EW-QBAFs can also be defined
in terms of aggregation function and influence functions as
for QBAFs, but now the multisets A and S in the aggrega-
tion function agg(A, S) are initialized with edge-weighted
strength values instead of strength values (of attackers and
supporters). That is, for a strength function ¢ and an argu-
ment «, we consider the multisets

A% =A{o(B) - w((B,)) | B € R™ ()}, 3)
85 ={o(B) - w((B,a)) | B € R"(a)}. 4)

The aggregation can then be fed into influence functions
as per QBAFs and the general algorithm for computing
strength values under modular semantics applies as per
QBAFs.

Proposition 1 (Equality of Strength). Ler Q
(A,R™,R",7) be a QBAF, and Q,, = (A, R~ ,R*, 1, w)
be an EW-QBAF such that w(r) = 1 for any r € R. Let
o be a modular gradual semantics for Q and Q,, using
the same aggregation and influence functions, denoted
by og and og,, respectively. Then, for any o € A,
og(a) =og, ()

Example 1. We evaluate the EW-QBAF in Figure 1 us-
ing MLP-based semantics (Potyka 2021). Since there are
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five arguments that have no attackers or supporters, their
strengths equal their base scores: o(Tom Hanks) =
0.050, o(Meryl Streep) 0.070, o(Freedom)
0.080, o(Romance) = 0.060, and o(Writing) = 0.020.
Then, by applying aggregation and influence function, we
have o(Acting) = 0.168, o(Themes) 0.121, and
o(Movie) = 0.826.

5 Properties of EW-QBAFs

Before introducing the contestability problem, we discuss
some properties of EW-QBAFs that will be useful in the fol-
lowing. The properties are motivated by properties in the
literature, but pertain to the effect of edge weights, whereas
existing properties only cover the effect of base scores. We
recall some definitions from (Potyka and Booth 2024).

* For a multiset S of real numbers, we let Core(S) = {z €
S | « # 0} denote the sub-multiset that contains only the
non-zero elements.

e Let S, T be multisets of real numbers. S dominates T
if Core(S) = Core(T) = 0 or there is a sub-multiset
S’ C Core(S) and a bijective function f : Core(T) —
S" such that © < f(xz) for all z € Core(T). If, in addi-
tion, | Core(S)| > |Core(T')| or there is an « € Core(T)
such that x < f(x), S strictly dominates T. We write
S =T (S > T)if S (strictly) dominates 7.

» S and T are balanced if Core(S) = Core(T'). We write
S 22 T in this case.

* An aggregation function agg satisfies balance iff
1. A= Simplies agg(A,S) = 0, and
2. A2 A’and S = S implies agg(A, S) = agg(A’,S").
e An aggregation function agg satisfies Neutrality iff
agg(A, S) = agg(Core(A), Core(S)).
* Aninfluence function infl satisfies Balance if infl(b, 0)=b.
* An aggregation function agg satisfies Monotonicity iff
1. agg(A,S) <0if A= S, and
2. agg(A,S)>0if S = A, and
3. agg(A,S) < agg(A’,S)if A= A,
4. agg(A,S) > agg(A,S")if S = 5.
If the inequalities can be replaced by strict inequalities for
strict domination, agg satisfies Strict Monotonicity.
¢ An influence function infl satisfies Monotonicity iff
1. infl(b,a) < bifa < 0, and
2. infl(b,a) > bifa > 0, and
3. infl(by,a) < infl(be, a) if by < by, and
4. infl(b,aq) < infl(b, az) if a1 < as.
If the inequalities can be replaced by strict inequalities,

when excluding b = 0 for the first and b = 1 for the
second item, infl satisfies strict monotonicity.

Our first property, edge-neutrality, is a variant of neutral-
ity (Amgoud and Ben-Naim 2018): while the latter states
that arguments with strength 0 have no effect, the former
demands that an edge with weight 0 has no impact.
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Definition 5 (Edge-Neutrality). A semantics o sat-
isfies edge-neutrality iff, for any Q and Q'
(AR, RY 7,w') such that R~ C R~', Rt € R
and w'(r) = w(r) for all r € R, the following holds: for
any o, B € A, let og/(a) denote the strength of o in Q'; if
RMURY = R-URTU{(B,a)} and w'((8,a)) = 0,
then o(a) = og/ ().

Lemma 1. If a modular semantics is based on an aggrega-
tion function agg that satisfies neutrality, then the semantics
satisfies edge-neutrality.

The following edge-stability property is similar to (base
score) stability (Amgoud and Ben-Naim 2018).

Definition 6 (Edge-Stability). A gradual semantics o satis-
fies edge-stability iff for any o € A, whenever w(r) = 0 for
allr € R(a), then o(a) = 7(«).
Lemma 2. If a modular semantics is based on an aggrega-
tion function agg and an influence function infl which satisfy
their associated balance properties, then the semantics sat-
isfies edge-stability.

The next property is a variant of the directionality prop-
erty (Amgoud and Ben-Naim 2016).

Definition 7 (Edge-Directionality). A semantics o sat-
isfies edge-directionality iff, for any Q and Q'
(AR R 7/ w) such that A= A, R~ C R~', and
Rt C RY, the following holds: for any o, B,y € A, let
oo/ (7y) denote the strength of v in Q'; if RTURT =
R™URTU{(a,B)} and Py = 0, then o(7y) = 0o/ (7)
Sorany w'((a, B)) € [0, 1].

Lemma 3. Every modular semantics satisfies edge-
directionality.

We next consider two variants of monotonicity properties
proposed in the literature (Baroni, Rago, and Toni 2018; Yin,
Potyka, and Toni 2024b).

Definition 8 (Monotonicity). A gradual semantics o satis-
fies monotonicity iff; for any Q@ and Q' = (A, R~,R*,7'),
the following holds: for any o, 8 € A (o # ) such that
(B,a) € Rand |Pg | = 1, let 0o/ () denote the strength
ofain @, forany v’ : A — [0,1]:

1. If (B,a) € R, 7(8) < 7/(B) and () = 7'(7) for all
v € A\ {B}, then o(a) > og/();
2. If (B,a) € RT, 7(8) < 7'(B) and 7(v) = 7'(v) for all

v € A\ {B}, then o(a) < oo/ ().
Definition 9 (Edge-Monotonicity). A gradual semantics
o satisfies edge-monotonicity iff, for any Q and Q' =
(A, R™,RT, 7w, the following holds: for any a € A,
let oo/ () denote the strength of « in Q', for any r € R
andw' : R — [0,1]:

L Ifr € R (a), w(r) < w'(r) and w(t) = w'(t) for all
te R\ A{r}, theno(a) > oo/ (e);
2. Ifr € RM(a), w(r) < w'(r) and w(t) = w'(t) for all

t € R\ {r}, then o(a) < oo ().

Lemma 4. If a modular semantics is based on an aggrega-
tion function agg and an influence function infl which satisfy
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their associated monotonicity properties, then the semantics
satisfies monotonicity and edge-monotonicity for the class of
acyclic EW-QBAFs.

All commonly considered aggregation and influence
functions satisfy their associated balance, monotonicity and
neutrality properties (Potyka and Booth 2024, Lemma 10,
14). Thus, our previous lemmas imply the following result.

Proposition 2. Edge-Weighted QF, REB, DF-QuAD and
MLP-based semantics satisfy edge-neutrality, edge-stability,
edge-directionality, monotonicity and edge-monotonicity.

Finally, we will use the fact that the strength function un-
der these semantics is differentiable with respect to edge-
weights when the EW-QBAF is acyclic.

Lemma 5. For acyclic EW-QBAFs, the strength function
under Edge-Weighted QE, REB, DF-QuAD and MLP-based
semantics is differentiable with respect to edge-weights.

In the remainder, we will use o for any of these edge-
weighted gradual semantics.

6 Contestability Problem

In this section, we define and study the contestability prob-
lem for EW-QBAFs. We will assume that the EW-QBAFs
are acyclic. While this is a restriction, many applications
such as PRSs (Cocarascu, Rago, and Toni 2019; Battaglia
et al. 2024; Rago et al. 2025) and MLPs naturally result in
acyclic graphs due to their hierarchical structure.

Intuitively, the contestability problem for EW-QBAFs is
to find a modification of edge weights that yields a desired
strength for a specified topic argument 2.

Definition 10 (Contestability Problem). Given a topic argu-
ment « € A and a desired strength s for « such that o () #
s in Q, the contestability problem is fo identify an edge
weight function w' such that for Q' = (A, R~ ,R™, 7, w’),
it holds that oo/ (o) = s.

As an example, consider the EW-QBAF in Figure 1,
where a user disagrees with the current movie rating score
o(a) = 0.827 and instead prefers a lower strength s = 0.3.
This scenario can be viewed as a contestability problem, in
which the edge weights can be adjusted to better capture
subjective user preferences.

Our first question is whether any desired strength for
a given topic argument can be attained. Cocarascu et
al. (2019) introduced an attainability property that exam-
ines whether a desired strength can be reached by selecting
a certain set of arguments, while we investigate attainability
by adjusting edge weights, shifting the problem from dis-
crete argument selection to continuous weight modification.
This transition poses new theoretical challenges, as it re-
quires analysing a high-dimensional, and often non-convex,
gradual semantics.

Definition 11 (Attainability). Forany o € Aand s € [0,1],
we say that s is attainable for « iff there exists an edge weight

In general, the contestability problem admits multiple solu-
tions, i.e., different edge weight configurations may result in the
same strength for a given topic argument.
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Sunction w' such that o, («) = s. The attainable set of « is
defined as S(«) = {s | s is attainable for a'}.

The following proposition presents a special case where
the base score is always attainable.

Proposition 3 (Base Score Attainability). For any o € A,
if o satisfies edge-stability, then T(a) € S(a).

To find the boundaries of a topic argument’s attainable
strength, we first define the max and min edge weight func-
tions (illustrated in Figure 2). These functions represent two
extreme cases: one where the topic argument receives max-
imal supports and no attacks, and another where it receives
maximal attack and no support.

Definition 12 (Max and Min Edge Weight Functions). For
any o € A, the max and min edge weight functions w .
and wg;,, (respectively) are defined as follows:
e wl,  (r)=1forallr € R*;

e wl. . (t) =0forallt € R™;

e w (r)=1forallr € R~ (a) U(RT\ R"());
e w (t)=0forallt e R (o) U(R™\ R ().

Intuitively, to maximise o(«) (Figure 2, left), we set all
supports of « to 1 and attacks to 0 (e.g., w(rig) = w(riz) =
1, w(ry1) = 0). We then maximise its supporters and at-
tackers (e.g., w(ry) = 1, w(rg) = 0; w(rg) = w(ry)
w(rg) = 1, w(rs) = 0). We maximise the attackers because
attackers may also have indirect positive influence on «, for
example, if there was an edge (35, Bg). We recursively apply
this strategy until all support edges are set to 1 and all attack
edges are set to 0, yielding the maximal o(«). A detailed
proof is provided in the SM.

The following theorem states that the max and min edge
weight functions determine the maximum and minimum of
the attainable set.

Theorem 1 (Maximum and Minimum of Attainability). For
any a € A and any o satisfying edge-monotonicity, mono-
tonicity, and edge-neutrality, oo (o) and oy () are
the maximum and minimum of S(«), respectively.

While Theorem 1 characterises the boundaries of the at-
tainable set, the next natural question is whether any value
between the maximum and the minimum can be attained,
which is confirmed by the following theorem.

Theorem 2 (Completeness of Attainability). For any o €
A, let m and M denote the minimum and maximum of S(«),
respectively. If o satisfies continuity, then S(a) = [m, M].

In this section, we introduced the contestability prob-
lem and investigated its solvability. Motivated by the PRS
application, our focus is on the edge weight modification
as it naturally represents subjective user preferences. Al-
though previous work (Freedman et al. 2025) suggests that
modifying the base scores is also theoretically possible,
this is not appropriate in our PRS setting as they represent
review-based ratings of a movie. Moreover, even in scenar-
ios where base scores can be adjusted (Civit et al. 2025b;
Civit et al. 2025a), edge weight modification enables more
fine-grained control. For example, in the movie The Town
(2010), the argument “Ben Affleck” is associated with both
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Figure 2: Illustration of the max (left) and min (right) edge weight functions. Blue or red edges are assigned a weight of 1, while black edges

are assigned a weight of 0.

acting and writing, supporting one while attacking the other.
A user may wish to revise the assessment of acting alone,
rather than his overall contribution to the movie. While other
approaches, such as adding or removing arguments (i.e.,
evaluation criteria) (Freedman et al. 2025), are also concep-
tually feasible, they often lack clarity from an application
perspective: it is unclear where such arguments should orig-
inate from or which should be removed. Therefore, we as-
sume a fixed EW-QBAF structure and focus exclusively on
modifying edge weights, which provides a user-driven and
interpretable mechanism for adapting to personalised user
strengths. Next, we will introduce an explanation method
that can guide the search for a solution.

7 Explanations and Properties

In this section, we propose a novel notion of a gradient-
based relation attribution explanation (G-RAE) and study
its properties adapted from the literature.

7.1 G-RAEs

In order to attain a desired strength of a topic argument in
acyclic EW-QBAFs, we combine the ideas of gradient-based
AAEFEs and RAEs, and propose a novel notion of G-RAEs,
which capture the sensitivity of the strength of a topic argu-
ment with respect to the changes of individual edge weights.

Definition 13 (Gradient-based Relation Attribution Expla-
nations (G-RAES)). Let r € R and a € A be a topic argu-
ment. For a perturbation € € [—w(r),0)U (0,1 —w(r)], let
w’ be an edge weight function such that w'(r) = w(r) + ¢
and w'(t) = w(t) forallt € R\ {r}. The G-RAE from r to
o under o is
Visa =
Let us note that, by Lemma 5, V¢ _, , € R is always well-
defined in acyclic EW-QBAFs. We next distinguish attribu-
tion influence based on the sign of G-RAE.

Definition 14 (Attribution Influence). We say that the at-
tribution influence from r to « is positive if V7 _,, > 0,
negative if V7, , < 0, and neutral if V7 _, = 0.

Like explanations scores, G-RAEs reveal both the direc-
tion and magnitude of each edge’s influence on the topic
argument, which could be practically useful in various do-
mains such as PRS contestation or MLP debugging, where
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identifying and adjusting the most influential edges may di-
rectly enhance user satisfaction or improve model perfor-
mance.

Example 2. Consider the EW-QBAF in Figure 1
where o is given by MLP-based semantics. The
G-RAEs of edges are computed by Definition 13:
(Acting, M ovie)=0.02413, (Themes, Movie)=0.01738,
(Meryl, Acting) = 0.00134, (Tom, Acting) =
0.00095, (Freedom, Themes) = 0.00086,
(Romance, Themes) = —0.00064, (Writing, Movie) =
—0.00287.

7.2 Properties of G-RAEs

We next adapt some commonly used properties of argumen-
tative attribution explanations from (Yin, Potyka, and Toni
2023b; Yin, Potyka, and Toni 2024c), and examine the sat-
isfaction of these properties.

We start by analysing the influence of edges with dif-
ferent connectivities (Definition 2) in the following propo-
sitions. Direct Influence (Yin, Potyka, and Toni 2023b;
Yin, Potyka, and Toni 2024c) shows that our G-RAEs cor-
rectly capture the qualitative effects of direct connectivity:
a direct attack (support) always yields non-positive (non-
negative, respectively) influence on the topic argument.

Proposition 4 (Direct Influence). Let r € R be a direct
edge wrt. o € A. Then the following statements hold if o
satisfies edge-monotonicity:

L Ifr € RY, thenV?_ > 0;

2. IfreR™, thenV{_, <0.

We next make several differentiations for indirect con-
nectivity (Rago, Li, and Toni 2023; Yin, Potyka, and Toni
2024c) because the polarity of an edge may invert along the
path. For example, an attacker of an attacker actually serves
as a supporter.

Proposition 5 (Indirect Influence). Let r be an indirect edge
wrt. « € A Suppose the path sequence from 1 to o
is (ryry,- ,rp)(n > 1). Let A = [{ry, - ,r} NR™|.
Then the following statements hold if o satisfies both mono-
tonicity and edge-monotonicity.

L Ifr € RY and ) is odd, then V?,_, , < 0;

2.Ifr € R and X is even, then V7_,, > 0;

3. Ifr € R~ and X is odd, then V¢,_, , > 0;
4. Ifr € R~ and X is even, then VI_, , < 0.

T
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Example 3. In Example 2, since (Acting, Movie) and
(Writing, Movie) are direct support and attack w.r.t. the
topic argument M ovie, their G-RAEs are positive and neg-
ative, respectively, by Proposition 4. In addition, since the
path from Romance to Movie contains one attack (i.e., an
odd number of attacks), the G-RAE of (Romance, Movie)
is negative by Proposition 5.

Irrelevance states that any edge independent of the topic
argument has no influence.

Proposition 6 (Irrelevance). Letr o € A. If r € R is an
independent edge w.r.t. o and o satisfies edge-directionality,
then V?_,, = 0.

In general, multifold edges may influence a topic argu-
ment through multiple paths with mixed polarities. As illus-
trated in (Yin, Potyka, and Toni 2024b, Figure 4), such mix-
tures can lead to non-monotonic effects, even under mono-
tonic semantics, making it difficult to reason about their
overall influence. To address this challenge, we focus on
a more tractable subclass — single-polarity multifold edges
— where all paths share the same polarity. This restriction
allows us to derive formal guarantees on the direction of in-
fluence. We formalize this notion as follows:

Definition 15 (Single-Polarity Multifold Edge). Let r be
a multifold edge w.rt. o € A via paths p1,-- ,Pm.
For each path p; (i € {1,...,m}), suppose the sequence
from v to « is (1,71, T, ) (il > 1) Let A
’{ril, Ty MR ‘ We say that r is a single-polarity
multifold edge w.r:t. « if either \; is odd for all i, or \; is
even for all i.

Example 4. Figure 3 shows a single-polarity multifold edge
r W.It. v as every path contains even numbers of attacks.

Figure 3: Single-polarity multifold edge.

The following proposition states that the influence of a
single-polarity multifold edge on a topic argument is either
consistently positive or consistently negative.

Proposition 7 (Single-Polarity Multifold Influence). Let r
be a single-polarity multifold edge w.r.t. o € A.

1. Ifr € RY and \; is odd for all i, then V°,_, ., < 0;
2. Ifr € R" and \; is even for all i, then VC,_, , > 0;
3. Ifr € R~ and \; is odd for all i, then V?_,, > 0;

T
4. Ifr € R~ and \; is even for all i, then VZ,_,, < 0.

Next, we adapt two existing properties to EW-QBAFs and
examine their satisfaction in the direct and indirect cases.
Counterfactuality, inspired by (Yin, Potyka, and Toni 2023a;
Yin, Potyka, and Toni 2024c), considers how the strength of
a topic argument changes when an edge is removed, corre-
sponding, in our setting, to setting the edge weight to 0.
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Property 1 (Counterfactuality). Let « € A and r € R.
Let w' be an edge weight function such that w'(r) = 0 and
w'(t) = w(t) forallt € R\ {r}.

1. IfV2 ., <0, then o(a) < oy (a);

2.1V, >0 then o(a) > oy ().
Proposition 8. Let r be a direct, indirect, or single-polarity

multifold edge w.rt. o. V?7_,, satisfies counterfactuality if
o satisfies both edge-monotonicity and monotonicity.

As an illustration, if we set w(Acting, Movie) = 0, then
o(Movie) decreases from 0.827 to 0.802.

Qualitative invariability, inspired by (Yin, Potyka, and
Toni 2023a; Yin, Potyka, and Toni 2024c), states that the
influence of an edge on the topic argument remains quali-
tatively consistent (i.e., always positive or always negative),
irrespective of any variations in its weight.

Property 2 (Qualitative Invariability). Let a« € A and r € R.

Let Vs denote V?,_, , when setting w(r) to some ¢ € [0, 1].
1.IfV7.,, <0, then¥s € [0,1], Vs <0;
2.1 V7ia

> 0, then V¢ € [0,1], V5 > 0.

Proposition 9. Let r be a direct, indirect, or single-polarity
multifold edge w.rt. o. V¢_, satisfies qualitative invari-
ability if o satisfies edge-monotonicity and monotonicity.

As an illustration, even when the edge weights in Figure 1
are altered, their G-RAESs satisfy V7_,, > 0or V7 _, , <0.

The final property shows that our G-RAEs can be com-
puted efficiently.

Proposition 10 (Tractability). Let |A| = m and |R| = n,
then G-RAEs can be generated in linear time O(m + n) for
acyclic EW-QBAFs.

To summarise, in this section, we defined G-RAEs and
examined the influence of three types of connectivity. While
the general multifold case is analytically challenging, as dis-
cussed earlier, we focus on the single-polarity subclass as
this is the setting in which monotonicity guarantees can be
meaningfully applied. Exploring other subclasses among
multifold edges is left for future work.

8 Contestability Algorithms

In this section, we propose an approximation algorithm for
G-RAEs that can also be applied to cyclic EW-QBAFs and
a heuristic algorithm for solving the contestability problem.

To simplify the implementation and avoid handling the
structure variations of different EW-QBAFs, we adopt a
perturbation-based method to approximate G-RAEs. This
choice also leaves open the possibility of extending the
method to cyclic EW-QBAFs, where exact analytical gra-
dients may be less straightforward to derive. Perturbation-
based approaches are also widely used in the literature for
gradient estimation tasks when the gradient cannot be com-
puted analytically (e.g., (Ozbulak et al. 2020; Minervini,
Franceschi, and Niepert 2023)). Algorithm 1 computes the
G-RAE for all edges with respect to the topic argument in an
EW-QBAF. The algorithm begins by computing the original
strength of the topic argument « under the gradual seman-
tics o (line 2). Then, for an edge r, the algorithm perturbs
w(r) by a value £ and recomputes o(«) based on the per-
turbed edge weight (lines 4-5). The approximate G-RAE of
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Algorithm 1 G-RAE Approximation
Input: An EW-QBAF O, an edge-weighted gradual seman-
tics o, a topic argument o.
Parameter: A perturbation value €.
Output: Approximate G-RAEs g_rae.
Function: gRAE(Q, 0, ¢)

I: grae + {}

% attribution scores

so + o(a) % original strength
for r in R do
wlr] < wlr] +¢ % perturb w(r)
s+ o(a) % perturbed strength

g-rae[r] « (s’ —sg)/e
wlr] < w[r] —e¢

end for

return g_rae

% compute G-RAE
% restore w(r)

R AN A S ol

Algorithm 2 Contestability Algorithm

Input: An EW-QBAF ©Q, an edge-weighted gradual seman-
tics o, a topic argument « and a desired strength s for a.
Parameter: A maximum iteration limit M, an updating step
h, an error threshold 4.
Output: An edge weight function w’.
cw e w
s’ «+ o(a)
while |s”" — s| > § and M > 0 do
g.rae < gRAFE(Q,0,q,¢)
for r in R do
update < w'[r] + g.rae[r] -h
w' [r] + max(0,min(1l,update))
end for
s’ + o(a)
M+<M—-1
: end while
: return w’

A A o e

—— =
NP

7 is then obtained by dividing the strength change of o by ¢
(line 6). After computing the G-RAE of edge r, the original
weight w(r) is restored for proceeding to the next edge (line
7). The above procedure is iteratively applied to compute
the G-RAE for all edges.

Proposition 11 (G-RAE Approximation Complexity). Let
|A| = m and |R| = n, then all approximate G-RAEs can be
generated in time O(n - (m + n)) for acyclic EW-QBAFs.

Since G-RAEs quantify the influence of edge weights on
the strength changes of the topic argument, we utilize them
to guide a heuristic algorithm that adjusts edge weights to
solve the contestability problem. Algorithm 2 begins by
computing the strength of the topic argument « under the
gradual semantics o (line 2). For brevity, we assume the
current strength of the topic argument is less than the desired
one. If the difference between this strength and the desired
strength exceeds a predefined error threshold § and the it-
eration count has not yet reached a maximum iteration limit
M (introduced to prevent the algorithm from running indefi-
nitely or getting stuck in a local minimum) (line 3), the edge
weights are updated by adding their respective G-RAEs mul-
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tiplied by an updating step h (line 6). Since the edge weights
are constrained within the range [0, 1], we apply the max and
min functions to ensure the updated weights remain within
bounds (line 7). Once all edge weights are updated, o(«) is
recomputed and the iteration count M is decremented (lines
9-10). The algorithm terminates when either o(«) is suffi-
ciently close to the desired strength or the iteration limit is
reached. The algorithm’s time complexity is as follows.

Proposition 12 (Contestability Algorithm Complexity). Let
|A| = m and |R| = n, and suppose the maximum number
of iterations is M. Then the time complexity of Algorithm 2
is O(M - n - (m + n)) for acyclic EW-QBAFs.

9 Experimental Evaluation

We evaluated effectiveness (ability to achieve desired
strength) and scalability (performance on dense EW-
QBAFs) of our Algorithm 2 in two application scenarios:
PRSs (Experiment 1) and MLP debugging (Experiment 2).3

Algorithm Parameter Settings In Algorithm 1, the per-
turbation value € was set to 1075 4. In Algorithm 2, the
error threshold ¢ was set to 0.01 and the maximum num-
ber of iterations M was set to 1000. As general guidance,
¢ = 107° is a standard choice for finite-difference approx-
imation, § should be set according to the desired precision,
and M can start at a moderate value (e.g., 1000) and be in-
creased if convergence is not reached. To accelerate conver-
gence, we used a dynamic updating step schedule, applying
a larger/smaller step when the current strength was farther
from/closer to (respectively) the desired strength.

9.1 Experiment 1

In this experiment, we aimed to assess performance of our
algorithm on acyclic EW-QBAFs that mirror the structure
of PRSs to show the potential of addressing misalignments
between the EW-QBAF outcomes and subjective user pref-
erences.

Setups In order to randomly generate acyclic EW-QBAFs,
we first created n arguments («q, - - - , ay, ), each assigned a
random base score drawn uniformly from the interval [0,1].
For every pair of arguments (o, ;) such that ¢ < j, an
edge was generated with probability p. Since QBAFs in
many applications typically contain fewer than 100 argu-
ments and have roughly equal numbers of arguments and
edges (e.g., for movie recommender systems (Cocarascu,
Rago, and Toni 2019), fake news detection (Kotonya and
Toni 2019), fraud detection (Chi et al. 2021)), we generated
EW-QBAFs of varying size with n € {10, 20, ...,100} and
p= % Each edge was randomly designated as either attack
or support with equal probability, and its weight was uni-
formly drawn from the interval [0,1]. The topic argument
was designated as a.,, and its desired strength was set to
the mean of the maximum and minimum attainable strength.

3For detailed results in this section, see Table 1 and 2 in the SM.
“For acyclic EW-QBAFs, exact gradients can also be computed
via backpropagation.
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Figure 4: Average and median runtime over 100 randomly generated PRS-like QBAFs under different semantics and edge sizes.
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Figure 5: Average and median runtime over 100 randomly generated MLP-like QBAFs, evaluated under MLP-based semantics.

This choice was motivated by Theorem 2, which guarantees
that the mean value is always attainable. Note that, depend-
ing on p, the topic argument may have no or only a few pre-
decessors in this setting. To mitigate the effects of random-
ness, we generated 100 QBAFs for each size. To compute
argument strengths, we applied three commonly considered
gradual semantics - QE (Potyka 2018), REB (Amgoud and
Ben-Naim 2018), and DF-QuAD (Rago et al. 2016) - each
adapted to incorporate edge weights to suit our setting.

Results and Analysis We evaluated (i) validity (i.e.,
whether the desired strength was attained), (ii) runtime, and
(iii) number of attempts of our algorithm across different se-
mantics and varying edge sizes.

(i) Across all 100 EW-QBAFs of each structure, our al-
gorithm’s validity consistently reached 100%, regardless of
semantics or number of edges, indicating that it was always
able to identify the desired strength, in line with Theorem 2.

(i) Since our algorithm is based on gradient descent, there
is a potential risk of converging to a local minimum. To
address this, whenever the solution was not found within
the maximum number of iterations M, we adjusted the ini-
tial search point and re-executed the algorithm. Under the
REB semantics, our algorithm consistently succeeded on the
first attempt across all EW-QBAF sizes, followed by the
QE semantics with an average of 1.01 attempts. Although
DF-QuAD required the highest average number of attempts
(1.014), the maximum never exceeded 4 - matching that of
the QE semantics - showing that the algorithm can find so-
lutions with a reasonable number of attempts in all cases.

(iii) Figure 4 shows performance, under the same EW-
QBAF structure. The REB semantics generally exhibited
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the shortest average runtime, followed by DF-QuAD, while
QE incurred the longest. Despite these differences, the av-
erage runtime across all semantics and all EW-QBAF sizes
remained under 1.5 seconds. Due to the random generation
of EW-QBAFs, certain instances required significantly more
time to process. Thus, we also reported the median runtime.
Across all three semantics, the median runtimes were com-
parable and exhibited an overall increasing trend with minor
fluctuations® as the number of edges increased. In all cases,
the median runtime remained below 0.12 seconds.

9.2 Experiment 2

In this experiment, we aimed to evaluate our algorithm on
denser QBAFs that mirror the structure of MLPs. As shown
in (Potyka 2021), MLPs can be translated into EW-QBAFs,
and our algorithm has the potential to assist in debugging
MLPs by achieving a desired output for a given instance.

Setups We generated denser QBAFs compared to those
in Experiment 1. Specifically, we designed three
MLP-like QBAFs structures: [8,32,1], [8,32,16,1] and
[8, 32,16, 8, 1], varying in the numbers of neurons and hid-
den layers. For example, [8,32,1] consists of 8 input ar-
guments, three hidden layers with 32, 16, and 8 arguments
respectively, and 1 output argument, yielding a total of
8432+ 16+ 8 4+ 1 = 65 arguments and 8 x 32 4 32 X
16 + 16 x 8 + 8 x 1 = 904 edges in the fully-connected
case. We chose these structures because they are suitable for
many binary classification tasks such as Pima Indians dia-
betes classification problem (Potyka, Yin, and Toni 2022).

>Minor measurement inaccuracies when execution time falls
below 0.1 seconds may contribute to the observed fluctuations.
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For each structure, the base scores of arguments, as well as
the polarity and weights of edges, were assigned in the same
manner as in Experiment 1. The topic argument was set as
the output-layer argument. We varied the connection den-
sity by setting the probability p of an edge between any two
arguments in adjacent layers, with p € {0.1,0.2,...,1.0}.
A value of p = 1.0 amounted to a fully-connected MLP-like
EW-QBAF. We generated 100 EW-QBAFs for each struc-
ture to avoid randomness and applied MLP-based gradual
semantics (Potyka 2021) to compute argument strengths.

Results and Analysis The validity consistently reached
100% across all EW-QBAF structures, indicating our algo-
rithm’s ability to attain the desired strengths, even in signif-
icantly denser configurations compared to those in Experi-
ment 1. We next evaluate the number of attempts and run-
ning time. For all structures, our algorithm succeeded on
the first attempt, except for the case of [8,32,1], where a
single fully-connected (p = 0.7) MLP-like EW-QBAF re-
quired one additional attempt. Overall, the results outper-
formed those of Experiment 1. A possible explanation lies
in the structural constraint imposed in this setting: each ar-
gument only connects to arguments in the next layer, result-
ing in a simpler and more hierarchical structure. As shown
in Figure 5, the average runtime increased with the number
of edges across all structures, with the maximum average
reaching 12.50 seconds. Meanwhile, the median runtime ex-
hibited a strictly increasing trend, peaking at 6.44 seconds.
The polynomial runtime results showed our algorithm re-
mains scalable as the density of EW-QBAFs increases.

10 Conclusion

We explored the use of EW-QBAFs for supporting contesta-
bility. Specifically, we formalized the contestability problem
and proposed G-RAEs as interpretable guidance. Building
on G-RAEs, we gave an algorithm to adjust edge weights
and showed its effectiveness on synthetic scenarios, high-
lighting the practical potential of our approach.

Our method could be exploited to covertly steer out-
comes without user awareness. Thus, exploring mecha-
nisms to track and expose such modifications would help
ensure transparency and trust. Second, user studies could
help identify which solution characteristics users find most
intuitive or acceptable when contesting model outputs to
inform the development of selection criteria that prioritize
user-preferred modifications to edge weights.
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