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Abstract

Large Language Models (LLMs) often produce fluent but
factually incorrect responses, a phenomenon known as hal-
lucination. Abstention, where the model chooses not to an-
swer and instead outputs phrases such as I don’t know, is
a common safeguard. However, existing abstention methods
typically rely on post-generation signals, such as generation
variations or feedback, which limits their ability to prevent
unreliable responses in advance. In this paper, we introduce
Aspect-Based Causal Abstention (ABCA), a new framework
that enables early abstention by analysing the internal diver-
sity of LLM knowledge through causal inference. This diver-
sity reflects the multifaceted nature of parametric knowledge
acquired from various sources, representing diverse aspects
such as disciplines, legal contexts, or temporal frames. ABCA
estimates causal effects conditioned on these aspects to assess
the reliability of knowledge relevant to a given query. Based
on these estimates, we enable two types of abstention: Type-
1, where aspect effects are inconsistent (knowledge conflict),
and Type-2, where aspect effects consistently support ab-
stention (knowledge insufficiency). Experiments on standard
benchmarks demonstrate that ABCA improves abstention re-
liability, achieves state-of-the-art performance, and enhances
the interpretability of abstention decisions.

Code & Appendix — https://github.com/vnht/abca

1 Introduction

Large Language Models (LLMs) have achieved impressive
performance across a wide range of tasks, including dia-
logue, reasoning, and knowledge-intensive question answer-
ing (Laskar et al. 2024; Chang et al. 2024). However, they
remain prone to hallucinations, producing fluent but fac-
tually incorrect outputs, which raises significant concerns
about their reliability and safety (Huang et al. 2025). To
address this issue, abstention mechanisms have been intro-
duced, enabling models to respond with uncertainty (e.g.,
I don’t know) when they lack sufficient knowledge (Wen
et al. 2024). Existing abstention methods differ in imple-
mentation, such as white-box versus black-box designs, and
in purpose, including safety enforcement or knowledge gap
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Figure 1: A real question from Truthful QA (Lin, Hilton, and
Evans 2022) with the ground-truth answer I have no com-
ment that should not be answered definitively. Existing ab-
stention methods overlook less dominant knowledge, gen-
erating a false response (top). In contrast, ABCA activates
diverse aspects of model knowledge and abstains from an-
swering definitively (bottom).

detection (Vasisht, Kaur, and Pruthi 2025). Black-box meth-
ods are particularly appealing for proprietary models, as they
do not require access to model internals and can be applied
universally across APIs and closed-source systems.

Current black-box abstention methods rely on post-
generation signals to determine when to abstain. These
include confidence-based self-evaluation (Slobodkin et al.
2023; Cheng et al. 2024c), consistency-based output sta-
bility checks (Chen et al. 2024), and uncertainty estima-
tion (Ren et al. 2023; Yadkori et al. 2024). Other methods in-
corporate multilingual consensus (Feng et al. 2024a; Duwal
2025), collaborative verification (Feng et al. 2024b; Fang
et al. 2025), or causal analysis (Sun et al. 2025). Despite
their variety, these methods all depend on observable output
patterns after generation, limiting their ability to proactively
prevent hallucinations. Such methods may abstain unneces-
sarily when rare but correct knowledge is ignored, or fail to
abstain when conflicting knowledge representations remain
hidden within the model.

Consider the question: Who is the bell ringer of Notre



Dame? This question cannot be definitively answered with-
out additional context. Nevertheless, powerful LLMs such
as GPT-4.5, Gemini Pro 2.5, and Claude Sonnet 4 confi-
dently respond with Quasimodo (see Appendix B.1), reflect-
ing a pattern learned through the frequent co-occurrence of
the cathedral with Victor Hugo’s novel. As shown in Fig-
ure 1 (top), current abstention methods often fail to withhold
this answer because they ignore less prominent knowledge
that challenges the fictional narrative. This limitation under-
scores the need for a more refined understanding of how in-
ternal knowledge is organised.

In this work, we propose to examine LLM knowledge
at the pre-generation stage by analysing the structure of
its parametric knowledge. LLM knowledge, acquired from
a wide range of sources, exhibits a multifaceted structure
that is often organised along distinct aspects, such as disci-
plinary domains, cultural contexts, and temporal frames. For
instance, when the same query is presented from a historical
background, the model may retrieve information about real
individuals rather than fictional characters, as illustrated in
Figure 1 (bottom). This behaviour suggests that LLMs en-
code both factual and fictional knowledge, and that prompt-
ing under appropriate aspects can activate knowledge that
might otherwise remain inaccessible.

One key challenge in leveraging this diversity is mitigat-
ing inference biases. LLMs are often biased toward domi-
nant reasoning paths due to pre-training distributional arti-
facts, such as frequency or attestation bias (McKenna et al.
2023; Jiang et al. 2024). Recent work addresses this by mod-
elling reasoning using a Structural Causal Model (SCM)
(Pearl 2009) formulated as Q — C' — A, where the Chain-
of-Thought (CoT) C' mediates the relationship between the
query () and the answer A, enabling front-door adjustment
to control for hidden confounders (Zhang, Zhang, and Zhou
2024; Wu et al. 2024; Zhang et al. 2025a). We extend this
framework by introducing a conditioning variable X, repre-
senting interpretable aspects that activate distinct knowledge
branches. Conditioning on X induces a heterogeneous SCM
where each aspect reveals a unique reasoning trajectory.

To this end, we propose Aspect-Based Causal Abstention
(ABCA), a novel framework that enables pre-generation
abstention by causally analysing internal knowledge di-
versity. ABCA operates in two stages: Aspect Discovery
stage identifies relevant aspects through a causally moti-
vated dual-agent dialogue, and Aspect Resolution stage es-
timates causal effects using the Augmented Inverse Prob-
ability Weighting (AIPW) estimator (Funk et al. 2011),
correcting for confounding biases. Based on these esti-
mates, ABCA supports three decisions: Type-1 Abstention
(knowledge conflict), Type-2 Abstention (knowledge insuf-
ficiency), and Aggregation (knowledge consistency).

Our main contributions are as follows:

* We propose ABCA, a framework that addresses the over-
sight of knowledge heterogeneity in existing post-hoc ab-
stention methods by modelling how different aspects in-
fluence knowledge activation and decision reliability.

» We formalise a causally principled abstention policy that
distinguishes knowledge conflict, insufficiency, and con-
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Figure 2: Two structural causal models: (a) Reasoning with
explicit CoTs; (b) ABCA with aspect conditioning. () is the
query, A is the answer, C' is the CoT, U is the unobserved
confounders in LLMs, and X is the aspect.

sistency through agent-aided exploration of parametric
knowledge and aspect-conditioned causal inference.

* We empirically validate ABCA on four datasets, showing
that it achieves state-of-the-art performance, enhances
answering ability without unnecessary abstention, and
supports interpretable abstention decisions.

2 Related Work

Black-box Abstention Unlike white-box abstention
methods like R-Tuning that train abstention as a learnable
skill (Zhang et al. 2024a), to determine when LLMs
should abstain, black-box methods often regard generation
variability as indicators of hallucinations (Wen et al.
2024). For example, SelfCheckGPT (Manakul, Liusie, and
Gales 2023) assesses confidence via self-reflections, while
perturbation-based methods explore input sensitivity (Wen,
Howe, and Wang 2024). Other methods quantify uncer-
tainty: some treat generation as token-level classification
with uncertainty labels (Ren et al. 2023), while others apply
information-theoretic metrics to distinguish epistemic from
aleatoric uncertainty (Yadkori et al. 2024). Consistency-
based methods examine model stability across generations
using covariance eigenvalues (Chen et al. 2024) or response
divergence (Zhao et al. 2024a). Learn-to-Refuse (Cao
2024) constructs knowledge bases and MARVEL (Wen
et al. 2025) builds expert modules to control abstention
externally. Beyond these, feedback has been leveraged
through multilingual agreement (Feng et al. 2024a; Duwal
2025), multi-LLM competition (Feng et al. 2024b), and
counterfactual debate via stance-adopting agents (Fang
et al. 2025). While these methods offer useful signals,
they operate on LLM generations, overlooking the internal
knowledge heterogeneity that contributes to hallucinations.
In contrast, our approach intervenes before generation by
modelling how different aspects shape reasoning, enabling
early detection of knowledge gaps through inactivated or
conflicting pathways.

Knowledge Conflicts in LLMs Knowledge conflicts of-
ten underlie hallucinations (Xu et al. 2024a). They arise
when competing parametric knowledge traces are overshad-
owed by dominant patterns (Zhang et al. 2025b). Recent
methods adopt multi-aspect reasoning to address this. Multi-
Aspect Feedback (Nathani et al. 2023) provides modular
feedback to iteratively refine outputs. Wrong-of-Thought



(Zhang et al. 2024b), DDPrompt (Mu et al. 2024), and
DiPT (Just et al. 2025) enhance diversity through prompt
variation or multi-perspective verification. Adaptive Multi-
Aspect RAG (Zhao et al. 2024b) and Typed-RAG (Lee et al.
2025) enhance knowledge-grounded QA by decomposing
retrieval into multiple aspects. These systems, however, use
aspects mainly to guide consistency or aggregation, rather
than identify when disagreement reveals knowledge gaps.
In contrast, we treat aspects as causal interventions that de-
fine separate reasoning trajectories and support principled
abstention based on latent knowledge structure.

Causal Inference (CI) in LLM Reasoning CI provides a
principled foundation for de-biasing LLMs (Ma 2025). In
LLMs, the question and answer are often confounded by
latent variables, which result in spurious correlations. The
presence of such confounders has motivated extensive work
on unbiased causal effect estimation (Xu et al. 2024b; Cheng
et al. 2024a,b). Recent studies apply these causal theories to
mitigate bias in LLMs. For example, Causal Walk (Zhang,
Zhang, and Zhou 2024) uses random walks over multi-hop
facts for causal verification, DeCoT (Wu et al. 2024) em-
ploys instrumental variables to refine and correct reasoning
paths, and Causal Prompting (Zhang et al. 2025a) clusters
similar CoTs to estimate causal effects. CausalAbstain (Sun
et al. 2025) first applies CI to abstention, using effect decom-
position to assess multilingual feedback reliability. How-
ever, it still operates post-hoc and evaluates feedback rather
than improves reasoning. In contrast, we introduce aspect
conditioning as a causal intervention, enabling LLMs to
proactively detect knowledge gaps by probing latent reason-
ing paths before committing to a response.

3 Methodology

In this section, we introduce Aspect-Based Causal
Abstention (ABCA), a two-stage framework that discovers
aspects to surface relevant knowledge and uses causal effect
estimation to guide abstention decisions. Due to page limits,
we provide CI preliminaries in Appendix A.

3.1 Theoretical Foundation

Causal Identifiability We model the reasoning process
in the proposed ABCA as Q — C — A, where all in-
fluence flows through the CoT in the presence of a latent
confounder U, as shown in Figure 2b. Moreover, LLMs ex-
hibit knowledge conflicts across contexts (Xu et al. 2024a),
and causal theory establishes that effects vary systematically
across subpopulations, necessitating conditioning on rele-
vant covariates to capture heterogeneous mechanisms (Im-
bens and Rubin 2015).

To enable such conditioning in LLMs, we introduce as-
pect variables X as conditioning inputs that activate dis-
tinct knowledge branches within the parametric memory of
the model, thereby incorporating them into the SCM. These
framings naturally partition the knowledge space encoded
by the model into separate branches. Our goal is to sys-
tematically uncover inactive knowledge branches relevant to
@ and estimate the corresponding aspect-conditioned causal
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effect:
P(Aldo(Q),X) =Y _ P(cldo(Q), X)P(Aldo(c), X).

Under this model, the causal effect of intervening on @,
given a fixed aspect X, can be estimated by marginalising
over the intermediate reasoning steps C. Each term in the
sum reflects the likelihood of generating a specific reasoning
path C' after the intervention on (), and the corresponding
effect of that reasoning on the final answer A.

Each term in this expression is identifiable via the
back-door criterion. Specifically, P(c|do(Q), X ) reduces to
P(c|@, X) because X blocks all back-door paths from @ to
C'. Similarly, P(A|do(c), X) is identifiable as P(A|c, @, X)
since X and @ block all back-door paths from C to A. Com-
bining these two adjustments yields:

P(Aldo(Q),X) =Y P(c|Q, X)P(Alc, Q, X).

Thus, the entire expression is identifiable from observa-
tional data under the assumed SCM.

Aspect Validity Conditions Invalid conditioning can in-
troduce bias, particularly when conditioning on variables
that induce spurious associations (Pearl 2009). To mitigate
this issue, the disjunctive cause criterion provides theoreti-
cal guidance by recommending that we condition on vari-
ables that influence the outcome, while avoiding condition-
ing on descendants or variables that could introduce new
confounding paths (VanderWeele and Shpitser 2013; Van-
derWeele 2019). In addition, valid conditioning must ac-
count for both dimensional consistency and collapsibility to
ensure that any subsequent aggregation across strata remains
meaningful and unbiased (Imbens and Rubin 2015).

We thus define aspect validity criteria Cyy for z € X as
follows: (1) dimensional consistency, which requires aspects
to operate on the same outcome scale, ensuring the condi-
tioning space can be meaningfully aggregated; (2) tempo-
ral precedence, meaning that aspects must temporally pre-
cede @ to avoid post-treatment bias; and (3) factual ground-
ing, which stipulates that aspects should reflect lenses that
compel the model to uncover factual, evidence-based knowl-
edge. These criteria ensure that aspect conditioning is ap-
plied using causally valid conditioning variables X .

Aggregation Validity Conditions Aggregating across
conditioning strata is not always valid (Pearl and Barein-
boim 2014; Bareinboim and Pearl 2016). For aggregation
to be meaningful, it is essential that the underlying causal
mechanisms remain structurally invariant across different
strata. In addition, the resulting effects must satisfy the prop-
erty of collapsibility, such that the weighted aggregate ef-
fects accurately reflect the combination of stratum-specific
effects (Greenland, Pearl, and Robins 1999). When either
structural invariance or collapsibility is violated, the overall
effect becomes non-identifiable, thereby increasing the risk
of amplifying existing biases (Manski 2007).

To ensure reliable integration of aspect-conditioned ef-
fects, we define aggregation criteria C,o, as follows: (1)
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Figure 3: Architecture of the Aspect-Based Causal Abstention (ABCA) framework. Stage 1 discovers relevant aspects through
causally motivated dual-agent debate, and Stage 2 estimates aspect-conditioned causal effects to inform an abstention policy.

structural invariance, which requires that the causal mech-
anism ) — C — A operates consistently across aspects;
(2) prevalence validity, which ensures that aggregation re-
flects aspect-aware weights rather than equal contributions;
and (3) directional coherence, which demands that estimated
causal effects do not conflict, thereby indicating consistency
in underlying knowledge. Our framework design addresses
the first two criteria directly, while our abstention policy is
designed to detect violations of the third.

3.2 The Framework

The proposed ABCA framework consists of two stages: As-
pect Discovery and Aspect Resolution (see Figure 3).

Stage 1: Aspect Discovery In this stage, we address two
critical questions: In which aspects should the question be
examined? and To what extent does each aspect contribute?
We implement this process using a dual-agent system de-
signed to identify the conditioning variable X, its con-
stituent aspects {x;}, and corresponding weights {w;} that
satisfy the validity criteria Cy,. Rather than enforcing an ab-
solute standard, we adopt a relative, LLM-based validation
of Cy,, allowing the model to introspectively identify aspects
that align more closely with causal reasoning principles. The
system consists of two distinct agents:

* DAgent (Discovery Agent): Responsible for foreground-
ing conditioning aspects by exploring the knowledge
space encoded within the model, aiming to maximise
coverage of factually grounded framings that may cor-
respond to distinct causal pathways.

CAgent (Critical Agent): Validates aspects proposed by
DAgent against Cy, via targeted prompting and filters out
those that violate validity constraints.

These agents engage in Appendix Algorithm 1’s iterative
procedure to discover causally valid aspects. First, DAgent
proposes candidate dimensions that may be used to con-
dition the reasoning pathways, while CAgent prunes those
violating temporal precedence or factual grounding crite-
ria. The highest ranking dimension is selected as X, which
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serves as the scale within which all aspects should be col-
lapsible to ensure dimensional consistency. Subsequently,
DAgent stratifies the selected X into specific aspects {z;},
while CAgent validates each against Cy,, ensuring compli-
ance with dimensional consistency and factual grounding of
aspects. Finally, both agents take turns to propose and rec-
oncile aspect-level weights {w; } until convergence, reflect-
ing each aspect’s contribution to the question ). This pro-
cess ensures that the discovered aspects satisfy the validity
criteria Cyy: they precede and influence reasoning pathways
causally without introducing spurious associations, and can
be meaningfully compared and aggregated when needed.

Stage 2: Aspect Resolution This stage addresses the third
guiding question: How much should each aspect be trusted?
To quantify this, we estimate the causal effect of  on A un-
der each aspect z;, denoted as 7(x;), by adopting the AIPW
estimation strategy (Funk et al. 2011). This is justified by
the identifiability result established in the preceding section,
where P(A | do(Q), X) can be expressed through graphical
causal theory and recovered from observational data. The
estimator combines outcome regression with inverse prob-
ability weighting, ensuring consistency if either the media-
tor distribution or the outcome model is correctly specified.
Such robustness is valuable in black-box settings, where un-
derlying modelling assumptions cannot be directly verified.

For each aspect x;, we generate K candidate CoTs
{c1,...,ckx} via aspect-conditioned prompting. We then
sample N answers {a1,...,ay} using randomly selected
CoTs to estimate the mediator distribution and outcome re-
gression. With 1(-) denoting the indicator function which
returns 1 when the condition inside holds and O otherwise,
the empirical mediator distribution p(c;|x;) is computed as:
1
i Z 1(ce = ¢j).

=1

The outcome regression fi(c;|x;) estimates the expected
answer quality given CoT c; under aspect x;:

1

ﬂ(cj | 2) = m

plejlei) = (D

@)

Z:Cg



where a, denotes the log-probability for categorical gen-
erations and the normalised weighted geometric mean
(NWGM) of log-probabilities for open-ended generations to
avoid length bias in instance /.

The final AIPW estimator of ABCA is computed as:

ZP cjlzs)ii(ejlzi) + NZW

The resultmg causal effect 7(x;) quantifies the trustwor-
thiness of answers generated under aspect x;, and serves as
the foundation for our abstention policy.

pledzs) s

(celz:)

Abstention Policy To decide whether to abstain, we as-
sess the epistemic consistency across aspects using Centroid
Angular Deviation (CAD) analysis. For each aspect x;, we
identify its representative answer a;, corresponding to the
CoT c¢; with the highest outcome regression fi(c;|z;), and
obtain its normalised vector representation e;. To prevent
weak aspects from dominating, we define their contribution
through a significance score o; = w;7(x;). We then com-
pute a causally weighted centroid c, which captures the ag-
gregate epistemic direction across all aspects:

Craw = E ;€;,
7

The centroid c represents the semantic centre-of-gravity,
indicating the dominant causal-epistemic direction. To mea-
sure the level of disagreement, we compute the angular de-
viation 6; between each e; and the centroid c. We then ag-
gregate these deviations using the same significance scores:

0,
h. 3)
pOFRet
A higher CAD indicates greater epistemic disagreement
among aspects, serving as a signal for abstention when con-

flicting causal evidence is present. Based on CAD, our ab-
stention policy triggers a three-way decision gate:

* Type-1 Abstention (knowledge conflict): When CAD is
high, aggregating across aspects may propagate conflict-
ing information. In this case, the model abstains from
providing a definitive answer and instead explains the
presence of conflicting evidence. Formally,

CAD > 00 —> ABSTAINgype ;. ©6)

Type-2 Abstention (knowledge insufficiency): When the
semantic centroid c strongly aligns with a null-consensus
embedding e, (e.g., embeddings of I don’t know, No
data, etc., precomputed in advance), the model admits its
limitation. Formally,

1- (C ' enull) < Pl = ABSTAINType-Zv @)

where pyy is a threshold controlling how close ¢ must be
to eny to trigger Type-2 abstention.

Aggregation (knowledge consistency): When neither ab-
stention condition is met, the model synthesises an an-
swer by prioritising aspects with higher significance «;.
Aspects with high 6; but insufficient significance to trig-
ger abstention are included as acknowledged caveats, en-
suring epistemic diversity is preserved.

Craw

“

HcraWHZ.

0; = arccos(e; - ¢), CAD =

We provide all prompt templates for ABCA in Appendix D.
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4 Experiments
4.1 Datasets & Baselines

We evaluate ABCA on four challenging benchmark datasets
to capture diverse forms of epistemic uncertainty. Truth-
fulQA (Lin, Hilton, and Evans 2022) examines model per-
formance on questions designed to expose common hu-
man misconceptions. KUQ (Amayuelas et al. 2024) tar-
gets known-unknowns uncertainty by assessing the ability to
recognise knowledge limitations. AVeriTeC (Schlichtkrull,
Guo, and Vlachos 2023) is a fact-checking benchmark that
categorises claims into Supported, Refuted, Not Enough
Evidence, and Conflicting Evidence. MMLU (Hendrycks
et al. 2021) evaluates multitask language understanding
across academic disciplines; we adopt the AbstainQA vari-
ant (Madhusudhan et al. 2025), which includes explicit ab-
stention labels. See Appendix B.3 for dataset details.

We compare ABCA with a diverse set of representa-
tive baselines across multiple abstention strategies. These
include a standard prompting method, Zero-shot (Kojima
et al. 2022); consistency-based approaches such as Self-
Consistency (Wang et al. 2022); confidence-based methods
such as SelfCheckGPT (Manakul, Liusie, and Gales 2023);
multilingual feedback-based techniques such as Multilin-
gual Feedback (Feng et al. 2024a); collaborative settings in-
cluding LLMs Collaboration (Feng et al. 2024b) and Coun-
terfactual Multi-Agent Debate (CFMAD) (Fang et al. 2025);
and a recent causal abstention method, CausalAbstain (Sun
et al. 2025). To assess performance, we follow the confu-
sion matrix formulation from (Madhusudhan et al. 2025), as
illustrated in Table 8 in Appendix. Experimental settings and
evaluation protocols are described in Appendix B.4.

4.2 Main Results

Our experiment results in Table 1 show that ABCA achieves
state-of-the-art performance across multiple datasets and
backbone LLMs. In terms of Acc, ABCA consistently ranks
first on TruthfulQA, KUQ, and AVeriTeC, outperforming
prior methods by substantial margins. For example, it sur-
passes CFMAD by 3.3 points on TruthfulQA, exceeds
CausalAbstain by 2.7 points on KUQ, and gains 3.2 points
on AVeriTeC with GPT-4.1. ABCA also excels in abstention-
specific metrics, reaching a U-Ac of 0.964 on Truthful QA
(vs. 0.440 by CFMAD) and 0.876 on KUQ (vs. 0.828
by LLM Collaboration), and consistently leading on U-F1.
These results highlight ABCA’s effectiveness in identifying
unanswerable questions while preserving answer quality.

Notably, ABCA maintains a strong balance between an-
swering and abstaining. While methods such as CFMAD at-
tain high A-Ac scores (e.g., 0.907 on Truthful QA with GPT-
4.1), they often underperform on abstention. Post-hoc detec-
tion methods like LLM Collaboration, Multilingual Feed-
back, and CausalAbstain offer limited accuracy gains for an-
swerable questions over Zero-shot and Self-consistency. In
contrast, ABCA achieves both answering accuracy and ab-
stention reliability by probing diverse knowledge paths be-
fore generation. This proactive strategy reduces unnecessary
abstentions and improves response quality.



\ Truthful QA \ KUQ \ AVeriTeC \ AbstainQA (MMLU)
Metric | Acc A-Ac U-Ac A-FI U-FI| Acc A-Ac U-Ac A-FI U-Fl|Acc A-Ac U-Ac A-FI U-FI| Acc A-Ac U-Ac A-FI U-Fl
\ GPT-4.1
Zero-shot .838 .880 476 960 .597 |.748 .718 812 863 877 |.620 .684 276 818 251 |.642 .858 420 .746 .593
Self-Consistency | .871 .891 .500 952 .560 |.746 .724 .796 860 .871 |.620 .687 .256 .817 .235 |.682 .860 .504 .771 .664
SelfCheckGPT | .847 .853 .560 934 514 |.,748 .722 .812 .843 858 |.624 .682 308 .816 .270 |.673 .772 .574 .743 .683
LLM Collab. .840 850 512 924 455 |.733 .682 .828 .820 .847 |.624 .672 365 .809 .298 |.687 .741 .632 .740 .709
Multilingual .853 .866 512 938 506 |.738 .706 .816 .843 862 |.624 .684 301 815 264 |.683 .776 .590 .749 .695
CFMAD 881 907 .440 947 497 |.731 720 774 836 .846 | .615 .660 .372 798 291 |.693 .864 .584 .798 .728
CausalAbstain .845 858 524 938 515 |.741 .716 .808 .846 861 |.627 .681 333 816 .286 |.688 .770 .604 .756 .709
ABCA 914 909 964 987 .900 |.768 .748 .846 .876 .889 |.659 .723 385 .834 .331 |.696 .870 522 .776 .676
| LLAMA 3.370B
Zero-shot 685 689 417 926 464 |.703 .692 744 818 829 |.524 543 423 707 258 | .559 .808 310 .694 .465
Self-Consistency | .700 .720 321 .927 .394 | .683 .690 .706 .802 .806 |.528 .545 436 .708 .264 | 595 .826 .364 .716 .527
SelfCheckGPT | .621 .583 .631 892 .507 |.691 .632 .790 .768 .805 |.618 .687 .244 .833 246 |.557 .760 .352 .682 .499
LLM Collab. 721 514 952 869 .584 |.704 .506 .808 720 .804 |.517 514 532 682 291 |.587 .627 544 .643 .610
Multilingual 703 677 381 883 328 |.679 .646 744 764 789 | .595 .643 333 .802 280 |.568 .758 .376 .687 .522
CFMAD 727 737 0 369 920 397 | 699 .624 .654 744 753 | 592 646 301 790 245 | 568 758 376 .687 .522
Causal Abstain 671 658 369 .870 301 |.684 .662 740 .766 .786 |.603 .666 263 816 245 |.559 747 370 .683 517
ABCA 759 783 738 931 593 |.712 778 798 .837 .840 | 615 .692 .538 .876 .503 | .600 .796 436 .679 .537
| MISTRAL-NEMO 12B
Zero-shot 653 686 298 920 .365 |.607 .594 .690 .774 800 |.553 .623 .173 810 .179 |.341 587 .096 .547 .165
Self-Consistency | .673 .701 202 .920 276 |.610 .584 .664 .763 .786 |.581 .634 .365 .864 404 |.349 .601 .098 .559 .171
SelfCheckGPT | .661 .614 .810 951 747 |.625 .554 740 708 764 |.549 .626 .135 .827 .160 |.365 .531 .198 .532 .298
LLM Collab. 641 562 940 722 332 | .619 560 .790 775 829 |.555 541 340 716 226 | .405 491 320 467 .364
Multilingual 659 632 643 850 397 |.607 .534 736 737 7794 | 545 .624 308 863 365 |.351 .545 158 540 254
CFMAD 655 705 107 913 .155 | .580 .576 .586 718 722 |.529 .589 205 751 .162 | .344 .593 .096 .557 .170
CausalAbstain 663 623 738 846 428 | .604 512 756 .680 758 |.529 .604 .391 872 .449 | 353 535 172 540 274
ABCA 684 652 964 .983 .905 |.630 .600 772 .811 .846 |.578 .637 429 .863 439 | 403 481 .326 .561 .465

Table 1: Performance of ABCA and baselines on TruthfulQA, KUQ, AVeriTeC, and AbstainQA. Acc: Overall Accuracy; A-Ac:
Accuracy on Answerable Questions; U-Ac: Accuracy on Unanswerable Questions; A-F1: F1 Score for Answerable Questions;
U-F1: F1 Score for Unanswerable Questions. Bold indicates the best score, underline indicates the second best.

Query | Ground-truth Answer | Discovered Aspects for Causal Reasoning | Dimensional | Temporal | Factual
Who invented the light bulb? Various inventors Official Filing, Patent Dispute, Commercial Patent | v'(Patent Docs) | v/ v
Did the world really begin due to a “Big Bang?” Can’t be answered Empirical Data, Experimental Physics, Case Report | v'(Evidence) v v
Fact-check: Vitamin D helps protect against COVID-19. | Not enough evidence | Peer-Reviewed Studies, Health Guidelines v/ (Data Sources) | v v

Table 2: Examples of discovered aspects and their compliance with Cy,j, including dimensional, temporal, and factual validity.

| TruthfulQA | KUQ | AVeriTeC | AbstainQA
1-Agent | (6.6,7.7,6.8) | (6.1,64,62) | (6.6,59,6.9) | (7.6,6.7,7.8)
Lite (7.1,82,7.8) | (8.1,74,7.9) | (79,79,7.5) | (8.5,74,8.6)
ABCA (74,8.7,79) | (8.7,8.1,8.3) | (85.85,8.2) | (84,83,89)

Table 3: Average scores on a [1-10] scale for discovered as-
pects, rated by GPT-03 and Gemini-Pro against Cy, . Each tu-
ple (-, -, -) represents the scores for dimensional consistency,
temporal precedence, and factual grounding, respectively.

ABCA also shows notable strength in factual tasks. On
datasets like TruthfulQA, KUQ, and AVeriTeC, it main-
tains consistent advantages across GPT-4.1, LLAMA, and
Mistral-NeMo backbones. For instance, the accuracy gain
over CausalAbstain on KUQ is stable across models. On Ab-
stainQA, which includes MMLU academic questions requir-
ing logical reasoning, ABCA performs competitively with
leading methods. These results demonstrate the ability of
ABCA to resolve parametric knowledge conflicts and gen-
eralise to both factual and reasoning-intensive tasks.

4.3 Evaluation of Aspect Discovery

To assess the efficacy of the agentic aspect discovery, we
run different configurations, including a single agent with-
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out feedback (1-Agent), ABCA with one debate round
(Lite), and full ABCA, then evaluate their discovered as-
pects against the criteria Cy, using GPT-03 and Gemini-Pro.
As shown in Table 3, stronger alignment with C,, corre-
lates with more comprehensive setups. This relationship is
further validated by error analysis in Appendix B.7, which
demonstrates that higher error rates align with lower va-
lidity scores. These findings highlight the efficacy of our
dual-agent design in discovering valid aspects. Table 2 pro-
vides concrete examples of aspects discovered by ABCA
that causally satisfy the Cy, criteria, serving as a foundation
for faithful causal reasoning. Case Study C.1 further demon-
strates how ABCA operationalises this process in practice.

To evaluate the impact of aspect conditioning on genera-
tion diversity, we compute the NLI Diversity score (Stasaski
and Hearst 2022), which rewards contradictions and pe-
nalises entailments, using ROBERTa (Liu et al. 2019) as the
scoring model. As shown in Table 4, ABCA consistently
elicits more diverse CoTs than Self-Consistency, suggest-
ing that it activates richer latent knowledge. Since no gold
labels exist for X, we assess its quality indirectly: if the an-
swer is correct, the associated X is deemed viable. For cor-
rect outputs, we apply BERTopic (Grootendorst 2022) on
the aspects and compute topic overlap between GPT-4.1 and



| TruthfulQA |  KUQ | AVeriTeC | AbstainQA
GPT-4.1 0.6540.26 | 0.620.24 | 0.6440.30 | 0.59 0.35
LLAMA 3.3 70B 0‘481,0‘34 0.46+0‘31 0.47+0_24 0.45+0_23

Table 4: Average NLI Diversity scores of ABCA, with sub-
scripts denoting diversity gains relative to Self-Consistency.

| TrathfulQA |  KUQ | AVeriTeC | AbstainQA
Metric | Acc A-AcU-Ac| Ace A-Ac U-Ac| Acc A-Ac U-Ac| Acc A-Ac U-Ac
No-X 869 .836 .821/.733 .718 .818 |.624 .671 .372 |.676 .856 .518
1-Agent 871 .832 .774|.746 .736 .836 [.640 .727 .295 |.677 .830 .526
Uniform-w |.851 .809 .798|.741 .724 .806 [.649 .717 .321 [.686 .868 .506
Uniform-7 |.862 .835 .810|.746 .730 .830 |.639 .706 .346 |.674 .822 .482
Lite .895 .842 .845|.755 .740 .830 |.658 .719 .327 |.691 .852 .532
Collapsed-X|.835 .806 .774|.739 .712 .806 [.628 .690 .295 [.620 .802 .378
Fixed-X 886 .831 .845|.757 .740 .818 [.637 .695 .321 [.693 .878 .522
ABCA ‘.914 909 .964‘.768 748 .846 ‘.659 723 385 ‘.696 870 .522

Table 5: Ablation results for ABCA with GPT-4.1.

LLAMA. Only 46%, 40%, 18%, and 41% of questions in
TruthfulQA, KUQ, AVeriTeC, and AbstainQA respectively
show over 70% topic overlap. This indicates that different
models often rely on distinct but valid aspects to reach the
same answer, reinforcing the absence of a universal golden
X. Case Study C.2 illustrates this multiplicity.

4.4 Evaluation of Abstention Quality

To evaluate ABCA’s response quality, we score the infor-
mativeness of its outputs using GPT-03 and Gemini-Pro.
As shown in Table 6, ABCA outperforms CausalAbstain
and LLM Collaboration, especially when abstaining. This
improvement can be attributed to two main capabilities:
(1) when abstaining, ABCA explicitly identifies alternative
knowledge branches that are typically overlooked, clarify-
ing whether abstention arises from conflicting evidence or
insufficient information (see Case Studies C.3 and C.4); and
(2) when aggregating, ABCA combines high-confidence as-
pects while acknowledging alternative views, avoiding re-
liance on simple majority voting (see Case Study C.5).

To evaluate ABCA’s ability to distinguish between knowl-
edge conflict and insufficiency, we rely on annotated claims
from the AVeriTeC dataset. Among correct abstention cases,
14.3% of claims involving conflicting evidence are identified
as Type-2, while 18.7% of those related to insufficient evi-
dence are labelled as Type-1. These misclassifications may
reflect the difficulty in separating nuanced forms of uncer-
tainty, especially when small variations in causal-effect esti-
mates are interpreted as genuine disagreement (as illustrated
in Case Study C.6). Although ABCA performs well differ-
entiating between abstention types generally, these results
highlight room for improvement.

4.5 Ablation Studies

We further conduct ablation studies to evaluate ABCA’s
architecture (see Table 5). All ablated variants, espe-
cially single-agent discovery (1-Agent), uniform aspect
weights (Uniform-w) and effects (Uniform-7), perform sub-
optimally, confirming the importance of each design choice.

32561

| TruthfulQA | KUQ | AVeriTeC | AbstainQA
| Al Abs | All Abs | All Abs | All Abs
LLM Collab. | 78.25 45.85 | 69.25 56.24 | 75.54 44.35 | 81.23 5491
CausalAbstain | 75.44 49.57 | 74.65 41.15 | 79.14 48.58 | 75.25 42.68
ABCA 8545 8541 | 79.56 74.68 | 86.45 84.23 | 81.53 75.39

Table 6: Average informativeness scores for ABCA ona [1-
100] scale, evaluated on overall (All) and abstention (Abs)
outputs by GPT-03 and Gemini-Pro.

The simplified configuration (Lite), which limits iteration
and sampling (' = K = N 1), also underperforms,
showing the necessity of iterative debate and AIPW esti-
mation. The covariate-ablation sanity check (Collapsed-X),
which removes aspect-wise estimation by pooling all CoTs,
causes clear performance drops, indicating that aspect con-
ditioning is crucial for identifying relevant causal pathways.

We also assess a variant using aspects in three languages
(English, French, German) (Fixed-X). Compared to Causal-
Abstain, which analyses post-generation multilingual feed-
back in the same languages, Fixed- X performs better across
almost all metrics, suggesting that activating knowledge
through aspect conditioning improves abstention decisions.

4.6 More Analysis

We note that AbstentionBench, a benchmark proposed by
Meta (Kirichenko et al. 2025), appeared shortly before our
submission. We evaluate ABCA on this benchmark (Ap-
pendix B.5), showing that it abstains effectively across five
scenarios: Answer Unknown, False Premise, Subjective,
Underspecified Context, and Underspecified Intent. Our pa-
rameter analysis (Appendix B.6) further reveals that nei-
ther under- nor over-configured setups yield improvements,
supporting our parameter choices. Our error analysis (Ap-
pendix B.7) identifies spurious facts as the dominant fail-
ure mode, underscoring a fundamental limitation in LLM
knowledge. Our complexity analysis (Appendix B.8) shows
that ABCA uses computational resources more efficiently
than baselines under equivalent budgets. Finally, we discuss
ABCA’s key limitations in Appendix B.9.

5 Conclusion

This paper presents ABCA, a novel framework for aspect-
based causal abstention in LLMs. Unlike existing post-hoc
abstention methods that rely on generation variations or con-
fidence signals, ABCA enables pre-generation abstention by
causally analysing the internal diversity of knowledge en-
coded in LLMs. This enables abstention decisions that are
both more reliable and more interpretable. Empirical results
on multiple benchmarks show that ABCA consistently im-
proves the balance between answer accuracy and absten-
tion quality. These findings demonstrate the value of aspect-
based reasoning for mitigating hallucinations and enhanc-
ing the reliability of LLMs. Future work will explore finer-
grained aspect representations and non-linear aggregation
and abstention policies.
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