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Abstract

When large language models produce natural-
language rationales, those explanations are fre-
quently unfaithful to the model’s actual reasoning—
and no existing framework provides a principled
way to repair them when new evidence arrives.
We introduce ARGUS, a framework that structures
LLM self-explanations as Dung-style abstract ar-
gumentation frameworks and verifies them under
grounded and preferred semantics. When new or
uncertain evidence renders an explanation inconsis-
tent, ARGUS computes a minimum-cost set of edit
operations that restores the desired acceptability
status of the target argument. The repair operator
satisfies adapted AGM revision postulates and is
bidirectionally characterized by them (Representa-
tion Theorem): the decision problem is in P under
grounded semantics, NP-complete under preferred
and stable semantics, and >4’ -complete under skep-
tical stable semantics. A k-neighborhood approx-
imation and an answer set programming (ASP)
encoding ensure scalability to practical framework
sizes. We validate the framework on HotpotQA
and FEVER, where ARGUS achieves relative im-
provements of 10.3% in faithfulness and 14.5%
in contestability over the strongest argumentation
baseline while requiring fewer repair operations
than all repair-capable competing methods.

1 INTRODUCTION

Large language models generate natural-language expla-
nations for their outputs, yet mounting evidence indicates
that these self-explanations are frequently unfaithful to the
model’s internal reasoning process. Recent studies demon-
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Figure 1: Qualitative positioning of ARGUS. Self-correction
methods (orange) repair without formal guarantees;
argumentation-based methods (green) verify without princi-
pled repair. ARGUS (blue region) bridges both dimensions.

strate that LLM rationales can be inconsistent with the com-
putations that actually produce the answer [ Ye and Durrett,
2024]), and that chain-of-thought traces are often post-hoc ra-
tionalizations rather than faithful accounts of inference [Lan{
ham et al.| 2023]]. The gap between apparent and actual
reasoning makes the verification and maintenance of ex-
planations under uncertain and evolving evidence a central
challenge, particularly in domains such as medical diag-
nosis and legal reasoning where explanation correctness is
critical.

As illustrated in Figure |1} current approaches fall short
along two complementary dimensions. Self-correction meth-
ods [Madaan et al., [2023] Shinn et al., [2023] |Gao et al.,
2023| iteratively rewrite explanations but without formal
guarantees—edits are unconstrained and previously valid
reasoning may be silently discarded; indeed, recent work
shows that LLMs cannot self-correct reasoning without ex-
ternal feedback [Huang et al.|[2024]]. Argumentation-based
approaches [Freedman et al., [2025| Jin et al) 2026] ver-
ify explanations against formal semantics but treat verifica-
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tion as terminal: when new evidence arrives, they offer no
principled way to update the explanation while preserving
consistency. No existing framework provides a formal no-
tion of minimal change for maintaining LLM explanations
under evolving evidence. The same asymmetry—sparse
late-arriving evidence against valid upstream reasoning that
must survive—recurs across clinical decision support, legal
analysis where precedent surfaces after a draft, retrieval-
augmented tutoring, and post-publication fact-checking,
where discarding the prior reasoning trail is exactly what a
practitioner cannot afford.

The following example, revisited throughout the paper, il-
lustrates the problem concretely.

Example 1 (Medical Diagnosis). A question-answering
system is asked to diagnose a patient with fatigue and
joint pain. The LLM answers “Lupus” with four argument
units: a1 (“chronic fatigue reported”), as (“polyarthralgia
present”), as (“Lupus commonly presents with these symp-
toms”), and target a4 (“most likely diagnosis is Lupus”). A
standing differential-diagnosis argument aq (“symptoms are
non-specific”) attacks a4, but as counterattacks ag, keep-
ing a4 accepted. A new lab result as (“ANA test is negative” )
attacks as, removing the defense of ay: the differential ag
reinstates, rendering a4 no longer accepted under grounded
semantics. An unconstrained self-correction system might
regenerate the entire explanation, discarding the valid units
a1 and as. A minimal-change repair instead seeks the small-
est edit—such as introducing ag ( “anti-dsDNA positive”)
attacking as—to restore a4 at cost 2 (visualized in Figure .

We propose ARGUS, a framework that bridges this gap by
unifying argumentation-based verification with minimal-
change repair. Given an LLM-generated explanation, AR-
GUS decomposes it into atomic argument units, constructs
an argumentation framework in the sense of Dung| [[1995]],
and verifies whether the target claim is accepted under a cho-
sen semantics. When new evidence renders the explanation
inconsistent, ARGUS computes a minimum-cost set of edit
operations—adding or removing arguments and attacks—
that restores the desired acceptability status. The repair oper-
ator draws on two classical KR traditions: the AGM theory
of belief revision [[Alchourron et al., [1985]], which supplies
the minimal-change principle, and argumentation dynam-
ics [Cayrol et al.,|2020]], which provides formal machinery
for structural change. Because the repair operates on an ex-
plicit graph structure external to the LLM, it admits formal
guarantees—AGM compliance, complexity bounds, prov-
able preservation of unaffected reasoning—that are unattain-
able when editing model internals or regenerating from
scratch.

Our contributions are as follows:

1. (C1) A framework that structures LLM self-
explanations as Dung-style argumentation frameworks,

verifies them under grounded and preferred semantics,
and produces defense-set certificates for interpretable

verdicts (§4).

2. (C2) A minimal-change repair operator satisfying
adapted AGM postulates and bidirectionally charac-
terized by them (Representation Theorem), with a com-
plexity trichotomy: P under grounded, NP-complete
under preferred/stable, and ¥3’-complete under skepti-

cal stable semantics (§4.4}-§9).

3. (C3) A scalable ASP encoding with a k-neighborhood
approximation that preserves repair quality at 99.7%
coverage (k=3) while reducing solver grounding to a
tractable subproblem (§4).

4. (C4) An empirical evaluation on HotpotQA and
FEVER validating the formal properties and demon-
strating improvements in faithfulness, contestability,
and repair cost w.r.t. ten baselines (§6).

We survey the most closely related work next.

2 RELATED WORK

Our work connects three lines of research: argumentation-
based approaches to LLM reasoning, self-correction meth-
ods, and formal theories of belief change.

Argumentation and LLMs. Vassiliades et al.|[2021]] sur-
vey argumentation for explainable Al. Argl.LMs [Freedman
et al.,|2025] constructs Dung-style graphs from LLM claims
but treats verification as terminal; ARGORA [Jin et al.,
2026] orchestrates multi-agent argumentation but corrects
through re-deliberation rather than formal repair; MQAr-
gEng [Castagna et al.l|2024] improves LLM reasoning with
modular engines but does not address explanation main-
tenance. ARGUS differs by providing a minimal-change
repair operator with AGM-compliant guarantees. |Bengel
and Thimml [2025] introduce sequence explanations tracing
why arguments are accepted; ARGUS addresses the dual
question of how to restore acceptance. Probabilistic exten-
sions [Hunter, 2013]] model graded argument strength under
uncertainty; we adopt classical Dung-style argumentation
to exploit established complexity bounds and leave proba-
bilistic repair to future work.

Self-Correction and Revision. Self-Refine [Madaan et al.,
2023| and Reflexion [Shinn et al.,2023] iteratively rewrite
LLM outputs without formal minimality guarantees; (Huang
et al.| [2024] show that LLMs cannot self-correct with-
out external feedback. RARR [Gao et al. 2023|] tar-
gets surface-level attribution; SelfCheckGPT [Manakul
et al., 2023|] detects hallucinations without repair; Chain-
of-Verification [[Dhuliawala et al., 2024]] and CRITIC [Gou
et al.} [2024] improve accuracy but lack preservation guar-
antees. [Matton et al.|[2025]] measure faithfulness through
counterfactual interventions; our evaluation applies similar
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(a) Fo: Initial framework (a4 ac-
cepted)

(b) Fy: After evidence update (a4 rejected)

(c) F>: After repair (a4 restored)

Figure 2: Evolution of the argumentation framework from Example Green fill = accepted, red fill = rejected, blue dashed
border = newly introduced, double border = target argument a4. In (a), a3 defeats the differential a, keeping a4 accepted.
In (b), a5 defeats ag, reinstating ap and rejecting a4. The repair in (c) adds ag attacking as to restore ay.

probes to argumentation-structured explanations. ARGUS
formalizes the repair search space, bounds change cost, and
guarantees preservation of unaffected reasoning.

Belief Revision and Argumentation Dynamics. The AGM
theory [Alchourron et al.| |1985] and the revision/update dis-
tinction [Katsuno and Mendelzonl [1992] provide classical
foundations. Hase et al.|[2024] argue that model editing is
fundamentally a belief revision problem; our work sidesteps
neural-level challenges by operating on an external argumen-
tation structure. In argumentation, structural modifications
and their effects on extensions have been studied [Cayrol
et al.| 2020, Baumann and Brewkal [2010], and argumen-
tation revision as minimal structural change has been for-
malized [Coste-Marquis et al., 2014} [Wallner et al., 2017
Bisquert et al., 2013]]. Mailly| [2024] extends enforcement
to constrained incomplete frameworks; |Alfano et al.| [2024])
develop counterfactual explanations via ASP, identifying
minimal changes that reverse verdicts, whereas ARGUS re-
stores verdicts disrupted by external evidence. Closest in
spirit, Snaith and Reed|[2017] define AGM-style revision
operators for structured argumentation; ARGUS differs in
operating over abstract AFs built from LLM output and in
computing minimum-cost repair via ASP. [Shakarian et al.
[2014]] address belief revision in structured probabilistic
argumentation, complementary to our deterministic abstract-
AF setting, from which we adopt the inclusion and success
postulates. ARGUS extends these foundations to LLM ex-
planation maintenance with a weighted cost model tailored
to argument confidence.

3 PRELIMINARIES

3.1 ABSTRACT ARGUMENTATION
FRAMEWORKS

We adopt the foundational model of |Dung [[1995]] as the
backbone of our verification and repair pipeline.

Definition 2 (Abstract Argumentation Framework). An ab-

stract argumentation framework (AF) is a pair F = (A, R)
where A is a finite set of arguments and R C A x Aisa
binary attack relation. We write a ~~ b whenever (a,b) € R,
meaning a attacks b.

Example 3 (Continuing Example [I). The initial AF is
Fy = ({ao,a1,a2,a3,a4},{(ao,as), (as,a0)}), where
ao (“symptoms are non-specific”’) attacks the target a4
and a3 (“Lupus commonly presents with these symptoms”)
counterattacks ag, after the negative ANA result, Iy, =
({a07 ag, ... 7045}7 {(a07 04), (a37 ao)» ((157 aS)}); as shown
in Figure [2fa-b).

Intuitively, an argument is accepted if every objection
against it can be countered; different semantics formalize
this intuition with varying degrees of caution. Given an AF
F = (A R),aset S C Ais conflict-free if no two argu-
ments in S attack each other. An argument «a is defended by
S if every attacker of « is attacked by some member of .S.
A conflict-free set S is admissible if it defends all its ele-
ments. The principal semantics we employ are the grounded
extension, which is the unique minimal complete exten-
sion obtained as the least fixed point of the characteristic
function; the preferred extensions, which are maximal ad-
missible sets; and stable extensions, which are conflict-free
sets that attack every argument outside themselves [Baroni
et al.,[2018]]. Throughout this paper we write o (F’) to denote
the set of extensions of F' under semantics o € {gr, pr, st}.

3.2 ARGUMENTATION SEMANTICS FOR
EXPLANATION

We now define the key notion linking argumentation se-
mantics to explanation. An argument a € A is credulously
accepted under o if a belongs to at least one extension in
o(F), and skeptically accepted if it belongs to every exten-
sion.

Definition 4 (Defense Set). Given an AF F = (A, R),
semantics o, and an argument t € A, a defense set for t
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under o is a minimal admissible set D C A such thatt € D
and D C E for some E € o(F). We write Def . (t) for the
collection of all such sets.

Example 5 (Continuing Example [T). In Fy (Figure 2jn),
D = {as,a4} is a defense set for ay: it is conflict-free,
a3 defends a4 by attacking ag, and D is minimal since
removing as would leave a4 undefended against ay. In I,
D is no longer admissible because as is attacked by as with
no counterattack, so the defense of a4 collapses.

When t is credulously but not skeptically accepted, defense
sets exist only for the extensions containing ¢; our repair
targets the existence of at least one such set. Defense sets
serve as formal explanations: each D € Def () identifies
the smallest self-defending coalition that sustains ¢, trans-
forming opaque LLM rationales into objects whose validity
can be checked against argumentation semantics [Dunne
and Wooldridge, [2009].

3.3 TASK SETTING

We consider a setting in which an LLM receives a question
q and produces an answer a with a free-form explanation
e, which ARGUS transforms into a formal argumentation
structure. The transformation is carried out by the extrac-
tion and relation-discovery stages (§4.1-§4.2), which map
argument units to nodes and use NLI-derived contradictions
together with template attacks as edges; the argument graph
G in Definition [6|below is the output of this pipeline.

Definition 6 (Explanation Verification Task). Given a ques-
tion q, an LLM-generated answer a, and an explanation e,
the explanation verification task produces a tuple (G, v, p)
where G = (A, R) is an argument graph constructed
from e, v € {accepted, rejected, undecided} is the ver-
ification verdict for the target argument a; representing
a under semantics o, and p is an optional repair oper-
ator applied when v # accepted. An evidence update
A = (AT, RT, A~ R™) specifies new arguments and at-
tacks to be added or removed, reflecting newly available
facts or counterarguments.

Credulous acceptance reduces to skeptical acceptance under
grounded semantics, where the unique extension determines
every argument’s status.

When an evidence update A renders the explanation incon-
sistent, the system must revise the argument graph following
the principle of minimal change [[Alchourrdn et al.l [1985].

Definition 7 (Minimal-Change Repair Problem). Let AF =
(A, R) be an AF, o a semantics, a; € A a target argument,
s € {IN,0UT} a desired status, A an evidence update,
and k a strictly positive cost function (k(0) > 0 for every
operation o). A repair is a finite set of edit operations Ops =
{01,...,0m} where each o; is one of add_arg(a) for a ¢

AUAT, del_arg(a) for a € AUAT (which also removes all
attacks incident to a), add_att(a,b), or del_att(a,b). Let
AF'" = apply(AF, A, Ops) denote the framework obtained
by first incorporating A and then executing Ops. A repair
is valid if a; has status s under o in AF’, and an optimal
repair minimizes Y .-, k(0;) over all valid repairs.

Example 8 (Continuing Example [I). As shown in Fig-
ure[2fc), the repair Ops = {add_arg(ag), add_att(as, as)}
restores a4 at total cost 2 under uniform cost (k = 1). The
alternative Ops' = {del_arg(as)} costs 1 but discards ev-
idence; under structure-preserving cost with k(del_-) =
2k(add_-), both repairs cost 2, and domain preferences
break the tie.

The cost function x encodes domain-specific preferences
(e.g., deletions costlier than additions), connecting to en-
forcement in abstract argumentation [Baumann and Brewkal
2010, |Cayrol et al., 2020]] while adding an explicit cost
model for explanation maintenance.

4 THE ARGUS FRAMEWORK

We now present ARGUS, a four-stage pipeline (Figure [3)
that transforms an unverifiable LLM rationale into a for-
mally grounded, repairable explanation. Given a question g,
an answer a, and a free-form rationale e, the pipeline pro-
ceeds through structured extraction (, relation discov-
ery (§4.2), argumentation-semantic acceptability checking
(§4.3), and minimal-change repair (§4.4). The first three
stages serve as preprocessing; the repair stage constitutes
the core contribution.

4.1 STRUCTURED EXTRACTION

We prompt the LLM to decompose its rationale e into a
set of argument units A = {a1, ..., a,}. Each unit a; is a
structured record comprising a natural-language claim c;, a
set of premise identifiers P; C A\ {a;} on which the claim
depends, and a self-assessed confidence score ; € (0, 1]
that serves as an epistemic uncertainty proxy for the claim.
The prompt constrains the LLM to produce a JSON ar-
ray of objects, each with fields claim, premises, and
confidence, and enforces an atomic predicate-argument
schema: each claim asserts a single predicate over at most
two entities. For instance, “Boyle is British” is admitted,
whereas “Boyle, who directed Sunshine in 2007, is British”
is rejected and split into three units (directed, released-in,
is-nationality). A post-extraction validator flags schema vi-
olations and re-prompts the LLM, so that every admitted
claim can be independently verified or rebutted. We desig-
nate one distinguished unit a; € A as the farget argument,
whose claim directly supports the answer a.
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Figure 3: The ARGUS pipeline. The repair stage (highlighted) is the core contribution; an evidence update A triggers repair

when the target argument is no longer accepted.

4.2 RELATION DISCOVERY AND GRAPH
CONSTRUCTION

Given the argument units .4, we construct an argumentation
framework AF = (A, R) as defined in Definition [2] For
every ordered pair (a;, a;) with i # j, we query a natural
language inference (NLI) model—a neural classifier trained
to determine entailment, contradiction, or neutrality between
text pairs—to classify the relationship between ¢; and c;. A
contradiction verdict yields an attack (a;,a;) € R, while
an entailment verdict records a support link used for down-
stream analysis but not encoded in R, since Dung-style
frameworks model attacks only [1993]]. To improve
recall on domain-specific rebuttals, we maintain an attack
template library—a curated set of negation patterns, com-
mon exceptions, and defeasible-rule conflicts. Each tem-
plate generates a candidate counterargument that is tested
against existing units via NLI before being admitted into R.
The admission test checks only non-contradiction with the
defended evidence and topical relevance, deferring defea-
sibility to the semantics: an admitted template competes
on equal footing and may itself be rebutted or undercut by
existing units. In a 500-instance audit, 478 of 1247 admit-
ted templates (38.3%) are defeated by existing units under
grounded semantics, confirming that templates expand the
space of disagreement rather than privileging a predeter-
mined outcome.

4.3 ARGUMENTATION-SEMANTIC
ACCEPTABILITY CHECK

With the framework AF = (A, R) in hand, we compute its
extensions under a chosen semantics o such as grounded or
preferred semantics. The verification step checks whether
the target argument a; belongs to at least one o-extension. If
ay is accepted, the explanation is deemed internally consis-
tent; if a; is rejected or undecided, the framework flags
a verification failure. In either case, the solver also re-
turns a defense set D C A—the minimal subset of ar-
guments whose collective acceptability entails the status
of a;—which serves as a compact certificate explaining the
verdict to the user.

4.4 MINIMAL-CHANGE REPAIR

When new evidence contradicts the current explanation or
the verification step detects a failure, ARGUS repairs the
argumentation framework rather than regenerating the ra-
tionale from scratch. The repair must satisfy two desiderata
simultaneously: the target argument must attain a prescribed
status under o, and the edit distance from the original frame-
work must be minimized. Definition [7] formalizes this re-
quirement.

Repair Operations. Four elementary edit operations un-
derlie the repair: add_arg(a) and del_arg(a) insert or re-
move an argument (deletions cascade to incident attacks),
while add_att(a;, a;) and del_att(a;, a;) insert or remove
attacks. A set of operations yields a repaired framework

7540



AF = (A R)).

Cost Function. Each operation o is assigned a strictly
positive cost k(o) € Rs(. We consider three cost mod-
els. Under uniform cost, every operation costs 1, so the
objective reduces to minimizing the total number of ed-
its. Under confidence-weighted cost, argument deletions
are weighted by the confidence of the removed argument,
k(del_arg(a;)) = ~; (recall ; > 0 for all extracted ar-
guments), while additions retain unit cost x(add_arg) =
k(add_att) = 1, reflecting the intuition that highly con-
fident claims should be more expensive to retract. Under
structure-preserving cost, deletions are penalized more heav-
ily than additions, x(del_-) = w - k(add_-) for some w > 1,
encouraging the solver to repair by augmentation rather than
removal.

The repair problem is formalized in Definition[/| Given the
cost function « and evidence update A, the solver seeks an
optimal repair—a set of edit operations of minimum total
cost such that a; attains the desired status under o.

Example 9 (Continuing Example [T). Under confidence-
weighted cost with v5 = 0.90 (a verified lab result)
and v3 = 0.75 (a symptomatic inference), deleting as
costs k(del_arg(as)) = 0.90. The augmentation repair
{add_arg(ag), add_att(ag, as)} avoids removing any high-
confidence argument, yielding total cost 2k (add_-); this re-
pair is cheaper whenever k(add_-) < 0.45. Under structure-
preserving cost with w = 2, deleting as costs 2 while the
augmentation still costs 2, making the two equally expensive
and allowing domain preferences to break the tie.

ASP Encoding. We encode the repair problem as an answer
set program following Egly et al.|[2010], with choice atoms
for candidate operations, semantics constraints enforcing o,
and a weak constraint #minimize{ (o) : selected(o)} se-
lecting minimum-cost repairs. Algorithm [I]summarizes the
procedure. When the solver selects add_arg(a), the claim
for the new argument is generated by prompting the LLM
to rebut the target’s attacker conditioned on A, then verified
via NLI before admission. When no cost-bounded repair
exists within the k-neighborhood, the solver reports infeasi-
bility and ARGUS flags the instance as unrepairable within
budget, falling back to full regeneration rather than fabricat-
ing a repair; this fallback fires on 1.8% of HotpotQA and
2.4% of FEVER instances (§6). A complete worked exam-
ple tracing a HotpotQA instance from extraction through
minimal-change repair appears in Appendix

Approximation for Scalability. Even under preferred se-
mantics the repair problem is NP-complete (Theorem [T3),
rising to X1’ -completeness under skeptical stable seman-
tics [Dvorak and Dunnel |2018]], so we introduce two approx-
imation strategies. First, a k-neighborhood restriction limits
the search space to arguments within undirected distance &
of the target in the attack graph. The approximation is com-
plete for optimal repairs whose support set lies entirely

Algorithm 1 ARGUS Repair

Require: AF = (A, R), semantics o, target a;, desired
status s, evidence A, cost function k, neighborhood
bound &

Ensure: Optimal repair Ops™

Aa,Ra < INCORPORATE(AF, A)

N < k-neighborhood of a; in (AU Ax, RURA)

IT + ENCODEASP(N, 0, at, s, k)

M* < SOLVE(II) {optimal answer set, or L if infeasi-

ble}

if M* = 1 then

return REGENERATE(AF', A) flagged unrepairable
within budget k

7: end if

8: Ops™ + {o | selected(0) € M*}

9: return Ops*

SN

SANNA

within the k-neighborhood: if the unique optimal repair
modifies only arguments at distance < k from a;, then the
neighborhood-restricted problem has the same optimum. A
repair can be missed only when the optimal repair requires
modifying an argument at distance > k—equivalently, when
a long attack chain of length > k is the sole route to defend-
ing a;. In our experiments, setting k=3 recovered optimal
repairs in 99.7% of cases while substantially reducing solver
grounding, consistent with the shallow graph structure (me-
dian depth 3, maximum 7). Second, when ASP solvers are
unavailable, beam search over repair sequences with width b
provides a bounded-depth heuristic alternative. In principle,
a repair valid for the subgraph may not preserve validity
in the full framework if distant arguments influence the
target’s status; for deeper domains, &k should be increased
accordingly.

S THEORETICAL PROPERTIES

We establish three groups of results for the ARGUS repair
operator: compliance with adapted AGM postulates, com-
putational complexity under the principal argumentation
semantics, and soundness of the ASP encoding.

5.1 AGM COMPLIANCE

The AGM theory of belief revision [[Alchourron et al.| |1985]]
prescribes rationality postulates that any principled revision
operator should satisfy. We adapt three core postulates—
success, inclusion, and vacuity—to the argumentation repair
setting. Intuitively, success requires that the repair achieves
the desired outcome; inclusion requires that the repaired
framework retains as much of the original as possible; and
vacuity requires that no edits are made when the current
state already satisfies the goal.

Theorem 10 (Adapted AGM Compliance). Let AF =
(A, R) be an argumentation framework, o an argumen-
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Table 1: Main results on HotpotQA and FEVER. Best in bold; runner-up underlined. 1 = higher is better, | = lower is better.
N/A = method lacks repair or coherence functionality. TNaive re-prompting baseline (destroys argumentation structure).

HotpotQA FEVER
Method FaithT Contf RAcctT RCost] Coherf Time] | Faitht Contt RAcct? RCost| Cohert Timel
Self-Correction Methods
SelfCheckGPT | .693 .524  .701 8.4 .68 2.8 674 498 685 7.9 .66 2.5
Self-Refine 712 541 736 7.1 72 4.5 698 519 721 6.8 .70 4.2
Reflexion 724 563 752 6.6 73 5.8 709 537 738 6.2 1 53
RARR 738 547 769 5.8 71 32 721 531 754 5.5 .69 2.9
Verification-Oriented (incl. Retrieval-Augmented)
CoT- Verifier 51 589 N/A N/A N/A 1.5 733 561 N/A N/A N/A 1.3
ArgLLMs 54 667  N/A N/A N/A 2.1 741 649 N/A N/A N/A 1.8
FLARE J15 505 728 8.8 74 3.8 698 482 712 8.2 12 35
FactScore 742 558 N/A N/A N/A 2.5 728 535 N/A N/A N/A 22
Argumentation-Based
ARGORA 768 .691 .80l 5.1 5 1.8 52 672 788 4.7 73 1.5
Regenerate’ 709 — 743 — .65 0.5 .695 — 729 — .63 04
ARGUS (Ours) ‘ 0.847 0.791 0.883 3.2 82 0.55 ‘ 0.829 0.768 0.871 2.8 .80 0.47

tation semantics, a; a target argument, s € {IN,OUT} a
desired status, A an evidence update, and k a strictly pos-
itive cost function (k(0) > 0 for every operation o). If a
valid repair exists, then every optimal repair Ops™ returned
by Definition [/ satisfies:

1. Success. The target a; has status s in AF' =
apply(AF, A, Ops™) under o.

2. Inclusion. AN A" O A\ {a | del_arg(a) € Ops™}
and RNR' 2 R\ {(a,b) | del_att(a,b) € Ops™}.

3. Vacuity. If a; already has status s in apply(AF, A, ()
under o, then Ops™ = ) and cost(Ops™) = 0.

Proof sketch. Success follows directly from the validity
constraint in Definition [/} any repair returned by the solver
satisfies the prescribed status. Inclusion holds because ele-
ments not targeted by any deletion operation are preserved
by the semantics of apply; moreover, optimality ensures that
every deletion in Ops™ is necessary—removing an unneces-
sary del_arg(a) would yield a valid repair of strictly lower
cost (k > 0), contradicting optimality. Vacuity is immediate:
when no edits are needed, the empty set is valid and has cost
Zero, So no non-empty set can be cheaper. O

Example 11 (Continuing Example|[l). Vacuity: in Fy, where
as already defeats ag and keeps a4 accepted, Ops™ = () and
the repair cost is zero. Success: after incorporating A =
({as}, {(as,a3)},0,0), ao reinstates and rejects ay; the
repair {add_arg(ag),add_att(ag,as)} restores a4 to ac-
cepted status by defeating as, which in turn restores a3 and
re-defeats ag. Inclusion: no original argument is removed—
the repair only adds ag and the attack (ag, as), preserving
the entire original structure of F.

Among the remaining AGM postulates, consistency and
extensionality also hold; recovery fails because structural
additions cannot be automatically unwound by evidence
retraction; and closure, superexpansion, and subexpansion
lack natural analogues in graph-structural settings (details in
Appendix [E). These three postulates characterize the class
of minimum-cost repair operators:

Theorem 12 (Representation). A repair operator o satis-
fies adapted success, inclusion, and vacuity for every AF,
semantics o, target a;, and evidence update A if and only
if there exists a strictly positive cost function x such that o
returns a minimum-cost valid repair under k.

Proof sketch. (=) Theorem [I0] establishes that every
minimum-cost repair under positive « satisfies all three
postulates. (<) Given an operator satisfying the three postu-
lates, define k(o) = 1 for every operation o. Success guaran-
tees validity; vacuity ensures the empty set is returned when
no repair is needed. We claim the returned repair Ops™ is
cost-minimum. Suppose not; then some cheaper valid re-
pair Ops’ exists with | Ops’| < |Ops™|. Pick any operation
o € Ops™\ Ops’: since Ops’ is valid without o, the opera-
tion o can be dropped from Ops™* while preserving validity,
contradicting inclusion (which forbids unnecessary dele-
tions under x > 0). Hence no cheaper valid repair exists, so
Ops™ is optimal. The full construction for general ~ appears
in Appendix [F| O

5.2 COMPUTATIONAL COMPLEXITY

The complexity of the repair problem depends critically
on the choice of argumentation semantics. Since the re-
pair problem reduces to enforcement after incorporating A,
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it inherits the complexity landscape of extension enforce-
ment [Dunne and Wooldridge), 2009, Dvorak and Dunnel,
2018]|; the additional overhead of processing A and evalu-
ating heterogeneous cost functions is polynomial and does
not alter the complexity class. Our results assume credulous
acceptance (as defined in §3)).

Theorem 13 (Repair Complexity). The decision version
of the minimal-change repair problem— “does there exist a
valid repair of cost at most C'?”—has the following com-
plexity under credulous acceptance:

1. Under grounded semantics, the problem is in P.

2. Under preferred and stable semantics, the problem is
NP-complete.

Under skeptical acceptance with stable semantics, the prob-
lem rises to $¥ -completeness.

Proof sketch. For grounded semantics, the unique grounded
extension is computable in polynomial time via the char-
acteristic function [Dung, |[1995]. Membership in P follows
by reduction to grounded enforcement, which Dvorak and
Dunne| [2018]] showed is solvable in polynomial time by ex-
ploiting the monotonicity of the characteristic function. Our
repair problem reduces to enforcement: we first incorporate
the evidence update A into the framework and then seek a
minimum-cost set of edit operations that enforces the target
argument’s desired acceptability status; since both the incor-
poration of A and the verification of any candidate repair
via the grounded extension are polynomial, the overall deci-
sion problem is in P. For preferred semantics, hardness re-
duces from NP-hard extension enforcement [Baumann and
Brewkal 2010]; membership in NP follows since a valid re-
pair paired with a witnessing admissible set can be guessed
and verified in polynomial time. Stable semantics under
credulous acceptance inherits the same bounds; under skep-
tical acceptance, membership in 22" follows by guessing
a repair and verifying via a co-NP oracle that every stable
extension contains a;, while hardness reduces from |Wallner
et al.|[2017]. O

Skeptical acceptance under preferred semantics yields a TTZ
lower bound by an analogous hardness reduction; we omit
the full analysis for this case. Note that the reduction to
enforcement establishes complexity bounds but does not
subsume the repair problem, which additionally involves
evidence updates A, heterogeneous cost functions, and NLI-
grounded candidate generation (§4.2). These results mo-
tivate the k-neighborhood approximation (§4.4)), ensuring
tractability under preferred semantics for practical frame-
work sizes.

5.3 SOUNDNESS OF THE ASP ENCODING

Proposition 14 (Encoding Correctness). The ASP encoding
described in §4.4] when applied to the full framework with-
out k-neighborhood restriction, is sound and complete with
respect to optimal repairs under grounded and preferred
semantics. That is, every optimal answer set of the program
corresponds to a valid minimum-cost repair, and every valid
minimum-cost repair has a corresponding optimal answer
set.

The proof follows from the established correctness of the ar-
gumentation encodings of [Egly et al.|[2010] composed with
the standard semantics of weak constraints in ASP solvers
such as clingo [Gebser et al., [2019]]. The composition is
sound because the generate rules enumerate exactly the fea-
sible edit operations and the integrity constraints enforce the
semantics of the repaired framework, while the optimization
directive selects minimum-cost solutions. We next evaluate
whether these theoretical properties hold in practice and
measure the empirical gains of the ARGUS repair operator.

6 EXPERIMENTAL EVALUATION

We evaluate ARGUS on two established benchmarks to an-
swer three questions: (Q1) Do the formal properties from §5]
hold in practice? (Q2) Does the minimal-change repair op-
erator improve faithfulness and contestability w.r.t. existing
baselines? (Q3) What is the empirical cost of repair?

We sample 500 instances from HotpotQA [Yang et al.,
2018|], a multi-hop question-answering benchmark, and 500
from FEVER [Thorne et al.l[2018]], a fact-verification bench-
mark; instances are drawn with seed 42. For each instance,
we withhold one gold supporting fact during explanation
generation and reintroduce it as an evidence update A, pro-
ducing adversarial updates that target the reasoning chain.
GPT-40 [OpenAl, [2023]] (gpt-40-2024-11-20) gener-
ates initial explanations at temperature 0.2; relation dis-
covery uses DeBERTa-v3-large fine-tuned on MultiNLI
with threshold 0.7; repairs are computed by clingo 5.6
with k=3 under uniform cost. Results are averaged over
5 runs (std <0.02 for accuracy, <0.4 for cost); FLARE and
FactScore use a single deterministic run. Further details
appear in Appendix [G]

We evaluate six metrics (detailed definitions in Appendix|G):
faithfulness (fraction of units whose removal changes the
answer), contestability (fraction of gold counterarguments
integrated), repair accuracy, repair cost (Definition , co-
herence (BERTScore [Zhang et al., [2020]), and solve time.

We compare against ten baselines in three categories:
self-correction methods—SelfCheckGPT [Manakul et al.}
2023|], Self-Refine [Madaan et al., 2023]], Reflexion [Shinn
et al., [2023]], RARR [Gao et al.l 2023]; verification-
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oriented methods—CoT-Verifier [Ling et al., 2023], Ar-
gLLMs [Freedman et al., 2025]], FLARE [Jiang et al.|[2023]],
FactScore [Min et al. 2023]]; and argumentation-based
methods—ARGORA [Jin et al.,|2026]] and a naive Regener-
ate baseline. Verification-only methods lack repair and are
marked N/A. CRITIC [Gou et al.,[2024] and Self-RAG [Asai
et al., [2024] lack structured argumentation repair capabil-
ity and are discussed in §2] only. Baseline cost measures
count regenerated units across up to 3 rounds, not directly
commensurable with structural graph edits (Appendix [G)).

Table [1l summarizes the main results. ARGUS achieves
the highest faithfulness (0.847/0.829) and contestability
(0.791/0.768), with relative improvements of 10.3% and
14.5% over ARGORA; all 12 pairwise comparisons (AR-
GUS vs. ARGORA on 6 metrics x 2 datasets, per-instance
z-tests n=500, Bonferroni-corrected) are significant at p <
0.001 (Cohen’s h € [0.26,0.38]). Among repair-capable
methods, ARGUS requires the fewest operations—3.2 vs.
5.1 for ARGORA—validating the minimal-change objec-
tive. The naive Regenerate baseline achieves the fastest
solve time (0.5 s) but its coherence (.65/.63)—the lowest
among repair methods—confirms that complete regenera-
tion disrupts consistency more than targeted structural repair,
consistent with the AGM inclusion property that preserves
units not implicated by the update.

ARGUS also achieves the highest coherence (.82/.80) and
an average solve time of 0.55s/0.47s, which is 5-10x
faster than self-correction methods. With an open extraction
backbone (Llama-3-70B-Instruct), ARGUS retains .813/.762
faithfulness/contestability, within 3.9 points of the GPT-
40 configuration, confirming the pipeline is not tied to a
proprietary model (Appendix [C)). A grounded-only variant
further reduces solve time to 0.15s/0.12 s at under 1 point
of faithfulness cost, a natural default for latency-sensitive
deployment (Appendix [A). The formal properties from §3)|
are confirmed empirically: success and inclusion hold by
construction; vacuity holds without exception. Scalability
experiments on synthetic frameworks confirm polynomial
scaling for grounded semantics and the effectiveness of the
k-neighborhood approximation, keeping preferred repair
tractable up to |.A|=50 (Figure 5] Appendix [A). Ablation
results (Table[2] Appendix [A) confirm that semantic verifi-
cation is the most critical component (—5.4pp faithfulness
when removed), while 83% of HotpotQA repairs (90% of
FEVER) require at most 4 operations. A pilot human evalu-
ation (Appendix [H) corroborates these results: annotators
preferred ARGUS in 68% of comparisons vs. Self-Refine
in 19% (k=0.62, r=0.78). A 150-instance decomposition
audit (Appendix D)) finds 78% of extracted units match the
gold reasoning chain exactly and only 7% are hallucinated,
which bounds the repair-accuracy gap; on the 1.8%/2.4%
of HotpotQA/FEVER instances admitting no cost-bounded
repair, ARGUS flags them as unrepairable rather than fabri-
cating a fix. A relation-labeler ablation (Appendix [A) shows

the specialised NLI classifier improves contestability by 7.1
points and runs 8§ x faster per pair than prompting GPT-40
for the same labels. These results are subject to the English-
language scope of the benchmarks and the controlled with-
holding methodology; full details appear in Appendix [G|

7 CONCLUSION

We presented ARGUS, a framework that structures LLM
self-explanations as argumentation frameworks, verifies
them against formal semantics, and repairs them at min-
imum cost when new evidence arrives. The guarantees con-
cern the stated explanation as a formal object: once extrac-
tion fixes the argument graph, verification and repair are
symbolic and deterministic, and ARGUS makes no claim
about the model’s internal computation, which no post-hoc
method can access. The minimal-change repair operator
satisfies adapted AGM postulates—success, inclusion, and
vacuity—and a representation theorem bidirectionally char-
acterizes the class of minimum-cost repair operators un-
der positive costs. The repair problem is tractable under
grounded semantics, NP-complete under preferred/stable
semantics, and ¥4’-complete under skeptical stable seman-
tics; the k-neighborhood approximation maintains scala-
bility. Experiments on HotpotQA and FEVER yielded rel-
ative improvements of 10.3% in faithfulness and 14.5%
in contestability over the strongest argumentation baseline
with the lowest repair cost. A tuning-free transfer study
on StrategyQA and MuSiQue (Appendix [C) shows the
method generalizes across multi-hop benchmarks, with a
3-5 point drop attributable to reasoning depth rather than
method fragility. Current limitations include dependence on
LLM extraction quality and scalability to densely connected
frameworks; future work targets open-ended generation with
coherence-based acceptance, composition with sequence ex-
planations [Bengel and Thimm), |2025]], probabilistic repair
under graded argument uncertainty [Hunter, 2013|], and in-
tegration into retrieval-augmented pipelines.
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A ABLATION STUDY AND COST DISTRIBUTION

Table 2: Ablation study on HotpotQA and FEVER. Each row removes one component from the full ARGUS pipeline. Best
in bold.

HotpotQA / FEVER
Variant Faith Cont RAcc RCost Coher Time
Full ARGUS .847/.829 .791/.768 .883/.871 3.2/2.8 .82/.80 .55/.47

w/o Sem. Verif. 7931775 714/.692  832/.818 4.1/3.8 .76/.74  .52/.44
w/o Min.-Change  .841/.823  .783/.761  .856/.842 5.7/52 .78/.76  .58/.49
w/o Att. Templ. .821/.804  .698/.678 .859/.845 3.5/3.2 .80/.78 .53/.45
Grounded Only .839/.822  .772/7752  .871/.858  3.0/2.6 .81/79 .15/.12

Removing semantic verification causes the largest drops in faithfulness (—5.4pp) and contestability (—7.7pp), confirming it
as the most critical component. Replacing minimal-change with unconstrained repair preserves faithfulness but increases
cost to 5.7/5.2. Removing attack templates reduces contestability by 9.3pp while reducing faithfulness by only 2.6pp.
Grounded-only semantics yields the fastest solve time at the expense of modest drops; 97% of frameworks have a single
preferred extension coinciding with the grounded one. At |.4|=50, grounded repair completes in 0.42 s, k=3 preferred repair

in 2.31s, and unconstrained preferred repair in 158.4 s (Figure 3)), confirming the k-neighborhood restriction as the practical
operating point.
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Figure 4: Distribution of repair costs. 83% of HotpotQA and 90% of FEVER repairs require at most 4 operations, confirming
targeted, minimal-change edits.

Fraction of instances (%)

2 3
Repair cost (operations)

—e— Grounded —=— Preferred (k=3) -+4- Preferred (full)

102 | cammT
z
S 100
o
>
3
n
1072,

10 20 30 40 50
Framework size |Al

Figure 5: Scalability of ARGUS repair under grounded, k-neighborhood preferred (k=3), and unconstrained preferred
semantics. Grounded repair scales polynomially (Theorem @

Relation labeler. We additionally ablate the DeBERTa-v3 NLI classifier by replacing it with GPT-40 as the pairwise
relation labeler on 500 HotpotQA instances (Table [3)). The specialised classifier improves contestability by 7.1 points
(p < 0.01, Wilcoxon) and faithfulness by 2.2 points (p ~ 0.05) while running 8 x faster per pair. The classifier is therefore a
cost-effective specialist rather than a structural prerequisite: ARGUS still operates with an LLM relation labeler, at higher
latency and lower contestability.
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Table 3: Relation-labeler ablation on 500 HotpotQA instances. The DeBERTa-v3 specialist improves quality and runs 8 x
faster per pair than prompting GPT-40 for the same labels.

Relation labeler Faith  Cont RAcc ms/pair
DeBERTa-v3 (ARGUS) 0.847 0.791 0.883 22
GPT-4o relations .825 720 .852 180

Sensitivity analysis and a qualitative repair example appear in the following sections.

B QUALITATIVE REPAIR EXAMPLE

Before ARGUS

4 \

1
<€, be /l
\\ ’

cost =2

Figure 6: A HotpotQA repair example. ARGUS restores the target b; by adding one argument bg and one attack (cost 2),
preserving all original arguments. Self-Refine regenerates 5 of 6 units.

Figure []illustrates a representative HotpotQA repair: the initial explanation relied on an outdated filmography claim; after
incorporating corrected evidence, ARGUS restored the target at cost 2 by adding one defending argument and one attack.
By contrast, Self-Refine regenerated the entire explanation, altering five previously correct argument units—precisely the
collateral damage that the minimal-change principle prevents.

Deployment patterns. The minimal-change setting recurs wherever a committed explanation meets sparse late-arriving
evidence; we sketch six patterns drawn from public sources. In clinical decision support, an initial differential diagnosis
is contradicted by a late laboratory result and ARGUS repairs to the supported diagnosis while keeping the symptom
observations intact; a related pattern revises a recommendation when a pharmacy system flags a drug contraindication. In
legal analysis, a statute reading is updated when a precedent is discovered, and a contract interpretation is revised under a
clause-precedence update, in both cases without restarting the argument. In retrieval-augmented tutoring, a student-facing
explanation is contradicted by a late-retrieved textbook passage or theorem, and repair preserves the worked steps the learner
has already seen. Each pattern shares the structure of Example [T} valid upstream reasoning that must survive a targeted
evidence update rather than be discarded by wholesale regeneration.

C SENSITIVITY ANALYSIS

Pilot studies on 100 HotpotQA instances explore three design choices. Confidence-weighted and structure-preserving (w=2)
cost models shift repairs toward augmentation (34-51% fewer deletions) while maintaining faithfulness and repair accuracy
within 1 percentage point of uniform cost, confirming that the cost model affects repair style rather than quality. Varying the
NLI threshold from 0.5 to 0.9 shows faithfulness is stable (0.839-0.851) while repair cost rises from 2.4 to 4.1; 0.7 balances
these factors. Repair optimality rises from 87.2% (k=1) to 99.7% (k=3) and plateaus, confirming k=3 as the operating point.
Extraction-backbone sensitivity. Table | reports ARGUS on 150 HotpotQA instances across four extraction backbones,
two proprietary and two open. Faithfulness spans 3.9 points across the four (0.813-0.852) and repair accuracy varies by
at most 1.6 points, with the spread concentrated in extraction quality rather than in the repair step, which is symbolic and
deterministic once the framework is fixed. Claude-3.5-Sonnet slightly exceeds GPT-40 on faithfulness and contestability,
confirming that the pipeline is not tied to a single proprietary model.

Cross-dataset transfer. Without any hyperparameter tuning, ARGUS transfers to two further multi-hop benchmarks on
100-instance pilots: StrategyQA yields faithfulness/contestability 0.813/0.742 and MuSiQue yields 0.798/0.721, versus
0.847/0.791 on HotpotQA. The 3-5 point drop tracks the increased reasoning depth of these benchmarks rather than method
fragility, since the repair operator is dataset-agnostic once the framework is extracted.
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Table 4: Extraction-backbone sensitivity on 150 HotpotQA instances; GPT-40 is the main-paper configuration. The repair
step is backbone-invariant, so the cross-backbone spread reflects extraction quality.

Backbone Faith Cont RAcc RCost
GPT-40 (main) 0.847 0.791 0.883 32
Claude-3.5-Sonnet .852 795 .881 3.1
Qwen2.5-72B .829 173 874 33

Llama-3-70B-Instruct  .813 762 .867 34

D ERROR ANALYSIS

Among the 0.3% of instances where minimality failed (k=3), all involved frameworks where the only viable defending
argument lay at distance > 4 from the target—confirming the theoretical limitation of the k-neighborhood approximation.
Repair accuracy below 1.0 arises when the LLM-generated explanation has structural errors that propagate through
extraction: even after restoring the target argument’s acceptability, the underlying answer may remain incorrect if the original
decomposition was flawed.

Decomposition audit. To quantify how often extraction itself is the error source, two annotators classified each extracted unit
on 150 HotpotQA instances (extending the 75-instance human evaluation of Appendix [H) into three categories: exact match
with the gold reasoning chain (78%), split or merge of the same content at a different granularity (15%), and hallucinated
content absent from the rationale (7%). Inter-annotator agreement is Cohen’s x = 0.65, and the per-instance unit-level
agreement with the gold chain is Pearson » = 0.80. Split or merge drift is absorbed by AGM inclusion, since it preserves the
underlying content; only the 7% hallucination rate propagates through repair, which bounds the gap between repair accuracy
(0.883) and 1.0.

Unrepairable instances. When no cost-bounded repair exists within the k-neighborhood, the ASP solver reports infeasibility
and ARGUS falls back to regeneration with an unrepairable within budget flag rather than fabricating a repair. Two failure
modes dominate the fallback set. In wrong-subject cases the LLM mis-identifies the question’s subject and builds several
coherent units around it, so reintroducing the correct subject through A requires replacing every unit, exceeding £=3. In
fabricated-bridge cases the rationale chains two unrelated facts through an invented intermediate; once A contradicts the
bridge, removing it orphans the target and no single addition restores support. The overall fallback rate is 1.8% on HotpotQA
(1.1% all attack paths blocked, 0.7% cost budget exhausted) and 2.4% on FEVER (1.5% blocked, 0.9% budget exhausted).

Repair accuracy vs. hallucination rate. Binning the 150 audited instances by their hallucination rate isolates the effect of
extraction noise on repair (Table [5). Repair accuracy falls from 0.932 at 0-5% hallucination to 0.793 above 10%, a Pearson
correlation of r = —0.82 (p < 0.001, slope —1.1 points of repair accuracy per additional point of hallucination). This
confirms that the residual repair-accuracy gap is driven by extraction hallucination rather than by the symbolic repair step.

Table 5: Repair accuracy by extraction-hallucination rate on the 150 audited HotpotQA instances.

Hallucination rate  Instances  Repair accuracy

0-5% 68 0.932
5-10% 54 0.881
>10% 28 0.793

Graceful degradation under extraction noise. To probe robustness directly, we inject noise into the GPT-40 extraction
prompt at three intensities (Table[6). Faithfulness decays smoothly from 0.847 to 0.702 and the fallback rate rises from 1.8%
to 11.2% as noise increases, rather than collapsing abruptly: under heavy noise ARGUS routes a larger share of instances to
the unrepairable-within-budget fallback rather than fabricating repairs.

Table 6: ARGUS under increasing extraction noise on HotpotQA. Degradation is smooth; the fallback share absorbs the
hardest cases.

Noise level Faith  Cont  Fallback
None (baseline) 0.847 0.791 1.8%
Paraphrase .829 765 2.9%
Distractor injection ~ .781 703 5.8%
Heavy noise 702 .611 11.2%
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E EXTENDED AGM ANALYSIS

Among the eight classical AGM postulates [[Alchourrén et al.l [1985]], consistency and extensionality also hold when a
valid repair exists. Consistency follows because validity requires a; to belong to at least one o-extension of the repaired
framework. Extensionality holds because the operator is defined purely over graph structure: two evidence updates yielding
identical updated frameworks produce identical repair search spaces, so the optimal repair is the same for both.

Recovery fails in our setting. In Example 1} repairing F yields F» by adding ag and (ag, as); if the evidence as were
subsequently retracted, F> would retain ag and its attack—the original framework Fj is not recovered. This asymmetry
is fundamental: structural additions made during repair cannot be automatically unwound by evidence retraction, unlike
classical belief revision where recovery ensures reversibility.

Closure, superexpansion, and subexpansion presuppose deductively closed belief sets—constructs without natural analogues
in argumentation frameworks where “beliefs” are graph-structural elements rather than logical sentences.

F REPRESENTATION THEOREM PROOF

We prove the (<) direction of Theorem for general cost functions.

Proof. Let o be a repair operator satisfying adapted success, inclusion, and vacuity for every AF (A, R), semantics o, target
ay, status s, and evidence update A. We construct a strictly positive cost function  such that o returns a minimum-cost valid
repair under k.

Construction. Fix an enumeration of all feasible operations o1, . . ., 0, for the given AF and A. Define x(0;) = 1 for all 4.
Let Ops = o(AF,0,a4,s,A).

Validity. By success, a; has status s in apply(AF, A, Ops) under o, so Ops is a valid repair.

Vacuity case. If a; already has status s in apply(AF', A, ), then by vacuity Ops = @ with cost 0, which is trivially
minimum.

Non-vacuity case. Suppose for contradiction that there exists a valid repair Ops” with |Ops’| < |Ops|. By inclusion, every
operation in Ops is necessary: for each o € Ops, removing o would either violate success (the resulting framework does not
grant a, status s) or leave a valid repair of cardinality | Ops| — 1, contradicting the assumption that o satisfies inclusion with
respect to Ops.

More precisely, inclusion asserts that AN A" O A\ {a | del_arg(a) € Ops}: every element not targeted by a deletion
in Ops is preserved. Combined with success and x > 0, this means no proper subset of Ops is both valid and of lower
cost—otherwise the operator could return that subset while still satisfying all three postulates, contradicting the minimality
implied by inclusion under positive costs.

Hence Ops is a minimum-cost valid repair under unit cost . For general «, the same argument applies by replacing
cardinality with weighted cost: inclusion ensures no operation in Ops is superfluous (removing it saves k(o) > 0), so no
valid repair can have strictly lower total cost. O

G EXPERIMENTAL DETAILS

Withholding methodology. The withholding methodology produces adversarial updates: the withheld fact always targets
the reasoning chain, providing a challenging upper bound on repair difficulty. Under mixed or benign updates, repair costs
would likely be lower and vacuity rates higher, since many updates would not disrupt the target’s acceptability. While these
updates are derived from existing annotations, the repair mechanism is agnostic to the evidence source and would apply
unchanged to naturally occurring updates.

Metric details. Faithfulness is the fraction of argument units whose counterfactual removal changes the answer. Each
unit is replaced with a semantically neutral sentence (‘“This claim is omitted.”) and the answer is regenerated; a unit is
faithful if its removal changes the answer. For baselines that do not produce structured units, we apply the same LLM-based
decomposition to their final output before computing the ablation, ensuring a uniform evaluation protocol. Contestability is
the fraction of gold counterarguments correctly integrated as attacks; for methods without explicit argumentation frameworks,
gold counterarguments are evaluated against proposition-level decompositions. Gold counterarguments are derived from the
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withheld supporting facts by expressing each as an argument and annotating the expected attack relationships, providing a
ground truth independent of the repair mechanism. Repair accuracy records answer correctness after repair. Repair cost
counts the number of edit operations per Definition[7} Coherence measures semantic consistency via BERTScore between
repaired and original explanations. Solve time is wall-clock time per instance.

Baseline cost commensurability. ARGUS operations are structural graph edits (adding/removing arguments and attacks),
whereas baseline costs count surface-level text replacements. Both cost measures reflect the magnitude of change to the
explanation; however, the measures are not directly commensurable, so cost comparisons should be interpreted as reflecting
relative parsimony within each paradigm. Iterative self-correction methods receive up to 3 rounds per their original protocols,
while ARGUS performs a single-pass optimal repair.

Hardware and reproducibility. All experiments ran on a single machine with a 20-core CPU and 64 GB RAM; no GPU
was required, as clingo runs on CPU and GPT-40 was accessed via the OpenAl API. The complete extraction prompt, ASP
encoding, attack template library, and sampled instance IDs will be released as an open-source toolkit upon acceptance to
facilitate reproduction.

H HUMAN EVALUATION

To validate that the automatic metrics reflect genuine quality differences perceivable by humans, we conducted a pilot human
evaluation on a random subset of 75 HotpotQA instances.

Setup. Two graduate-student annotators with NLP background independently evaluated explanation pairs produced by
ARGUS and Self-Refine (the strongest self-correction baseline) in a blind, randomized order. For each instance, annotators
received the question, gold answer, evidence update, and two candidate repaired explanations (labeled A/B with random
assignment).

Dimensions. Annotators rated each explanation on a 5-point Likert scale for: (1) Faithfulness: Does each claim in the
explanation faithfully reflect the evidence? (2) Coherence: Is the explanation internally consistent and logically structured?
They also provided a Preference judgment (A better / B better / Tie).

Table 7: Human evaluation results (75 HotpotQA instances).

Dimension ARGUS  Self-Refine p-value

Faithfulness (1-5) 3.94+0.7 3.44+0.9 < 0.001
Coherence (1-5) 4.14+0.6 3.8£0.8 0.012

Preference (%) 68% 19% —
Tie (%) 13% —

Agreement. Inter-annotator agreement reached Cohen’s x = 0.62 (substantial) for preference and x = 0.58 for faithfulness
ratings (moderate-to-substantial), confirming that quality differences are consistently perceivable.

Correlation with automatic metrics. The Pearson correlation between average human faithfulness ratings and the automatic
faithfulness score (counterfactual ablation, §6) is r = 0.78 (p < 0.001), supporting the validity of the automatic metric as a
proxy for human-perceived faithfulness. The automatic metric tends to slightly overestimate faithfulness for explanations
with redundant but harmless claims (rated 4-5 by annotators but scored > 0.9 by the metric).
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