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Abstract.

Human-Al alignment is challenging due to limitations in
both technical solutions and governance frameworks. Given
the infeasibility of properly anticipating all potential mis-
alignment risks, we see explainability as essential for con-
tinuous oversight, bridging the gap between Al systems, gov-
ernance, and human intervention. Recognizing the multi-
faceted character of the problem, we argue for a structured
framework for evaluating explainability methods, moving
beyond narrow technical metrics, to enhance future devel-
opments in Al accountability and alignment.

1. Introduction

Ensuring alignment between Al behavior and human
values remains a significant challenge in both technical and
governance domains. Declarative top-down technical frame-
works are widely considered infeasible due to their ambigu-
ity and inability to address real-world complexities [} 2]—a
concern illustrated in literature dating back to Asimov [3],
later extended by Bostrom [4]. However, the modern gover-
nance approaches encounter analogous difficulties in the im-
plementation and enforcement of the complementary over-
sight mechanisms and Al regulations, such as the AI Act [5]].

Meanwhile, contemporary technical alignment efforts
continue to struggle with developing reliable, generalizable
solutions for aligning Al systems. While some methods,
such as symbolic learning and expert rule-based approaches,
offer behavioral guarantees [6]], their real-world applicability
remains highly limited. Conversely, highly applicable deep
learning methods, which rely on data-driven training, ex-
hibit critical failures like reward hacking [[7]—highlighting
the complementary infeasibility of some safe universal value
function optimization. Widespread techniques based on such
optimization over user data, such as Reinforcement Learning
from Human Feedback (RLHF) and its variants [8, |9, [10],
thus remain unreliable. As Al systems operate in increas-
ingly complex environments, unforeseen failure modes are
inevitable. Since it is impossible to predefine and test for all
risks in advance, continuous human oversight is essential. In
this paper, we argue that explainability should serve as the
foundation for such oversight, enabling ongoing assessment
and intervention as new challenges emerge.

Besides ongoing misalignment issues, the development
of foundational AI models remains highly centralized, con-
trolled by a few major organizations, limiting external stake-
holder influence. This opacity further exacerbates alignment
concerns, as stakeholders lack insight into how these models
operate. Explainability is, therefore, crucial for democra-
tizing oversight, enabling external actors to scrutinize and
challenge AI decision-making. Without such transparency,
alignment efforts risk becoming monopolized, leading to
governance structures that fail to reflect diverse ethical and
regulatory perspectives. While initiatives like Al Safety In-
stitutes and emerging directives represent progress, high-
level policies alone are insufficient. Effective governance
requires complementary bottom-up implementation, partic-
ularly in legal contexts where Al decisions must withstand
judicial scrutiny. Explainability methods are thus essential to
complement top-down regulation with bottom-up account-
ability, ensuring Al behavior remains transparent and justi-
fiable.

Identifying these factors, we argue for a structured,
multi-faceted approach to evaluating explainability ap-
proaches in the specific context of Al alignment. While there
is a broad body of technical explainability research, it prior-
itizes narrow metrics such as fidelity or attribution accuracy.
These techniques fail to capture the broader context of align-
ment where explainability is not merely a technical concern
but a socio-technical bridge between Al systems, governance
structures, and human oversight.

2. Assessing XAI methods for Alignment

Despite the abundance of explainability (XAI) meth-
ods [IL1, 12} 13} [14], existing evaluation frameworks fo-
cus primarily on technical aspects [15]], neglecting the ex-
plainability’s role in Al alignment and governance. The
12 properties of explanations presented by Nauta et al.
[L6] are focused on formal requirements (e.g., correct-
ness/faithfulness), practical issues (e.g., compactness), and
user experience (e.g., coherence). User experience is (along
with trust and performance) also prioritized by Kim et al.
[17], Lopes et al. [[18]], Liao and Varshney [19]. Finally, Is-
lam et al. [20] are proposing high-level dimensions (fi-
delity, interpretability, robustness, fairness, and complete-
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ness), which are, however, evaluated with a very concrete
techno-centric metrics and methods.

We argue that effective oversight requires more than
technical evaluations and satisfactory user experience—it
demands explanations that are understandable to different
stakeholders, actionable, and scalable to real-world systems.
Crucially, these desiderata should be evaluated jointly to as-
sess their potential trade-offs. Consequently, we propose the
following dimensions for XAl methods that not only clarify
model behavior but also support human engagement, regula-
tory auditing, and model corrections.

Intuitiveness to subjects The first dimension is the com-
prehensibility of explanations to non-expert users. This
aligns with regulatory efforts, such as the “right to explana-
tion” [21]], which, while not legally binding [22], highlights
the importance of intelligibility in Al decision-making. In
legal and governance contexts, understandable explanations
improve transparency and trust by reducing the need for ex-
pert intermediaries. We propose evaluating this criterion
through empirical studies, where diverse user groups infer
Al decision-making implications based on the explanations.
The users’ correctness is then the measure of intuitiveness.

Understandability to auditors Beyond lay users, explain-
ability should also support expert evaluation, particularly in
regulatory and safety-critical applications. Auditors, poli-
cymakers, and Al oversight bodies, such as the Al Office
formed under the EU Al Act, require explanations that pro-
vide deeper insights into model behavior [23]. Unlike lay
users, auditors may possess technical expertise in statistics
or machine learning, allowing them to process more com-
plex explanations. Evaluation of this dimension would in-
volve expert assessments of explanation effectiveness in au-
diting scenarios, such as compliance checks or failure inves-
tigations.

Veracity A key requirement of any explanation is that
it accurately represents the underlying model’s behavior.
Often referred to as fidelity or faithfulness [[16} [24], this
desideratum ensures that explanations are not misleading or
oversimplified. For instance, a highly compressed symbolic
explanation may be interpretable but fail to reflect the actual
decision boundaries of a deep neural network. One possi-
bility is to measure veracity as the expected proportion of
inputs for which an explanation remains consistent with the
model’s true decision function. In local explanations, this
would involve testing whether small, explanation-based in-
put modifications yield the expected model changes.

Actionability Explainability methods must enable correc-
tive actions to be useful in Al alignment. If an Al system
produces an undesirable outcome, an auditor should be able
to infer how to adjust the model. Likewise, an end-user
should be advised on how to modify their input to achieve
a different, desirable result. Counterfactual and contrastive
explanations [25] are a prime example of actionable insights,
as they specify minimal changes needed to alter an Al deci-
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sion. Actionability could be empirically assessed by eval-
uating whether users or auditors, given an explanation, can
successfully adjust the model’s behavior in a controlled set-
ting.

Scalability Finally, explainability methods must be com-
putationally feasible for modern, large-scale Al systems
such as large language models [26]. The increasing com-
plexity of these state-of-the-art models raises concerns about
the practical application of interpretability techniques [27].
Scalability could be assessed by measuring the cost of
generating explanations across models of varying sizes.
A suitable metric would be, e.g., the expected time re-
quired to produce explanations under real-world conditions
w.r.t. a given level of veracity.

Entanglement of the dimensions The proposed dimen-
sions offer a comprehensive, albeit non-exhaustive, repre-
sentation of the explainability domain; nonetheless, they are
not independent of one another. Figure [I]illustrates the key
relationships between the dimensions within both techni-
cal and human-centered contexts. We consider intuitiveness
and understandability as primary representatives of human-
centered perspective, while veracity and scalability empha-
size technical aspects. Actionability serves as the connec-
tor among all elements—intuitiveness and understandability
are intertwined through the empirical measurement of ac-
tionability, while scalability and veracity relate to the over-
all effectiveness of actionability. Additionally, several trade-
offs may exist: explanations that are sufficiently simple for
lay users may lack the technical depth required by auditors;
more intuitive explanations often necessitate simplification,
which can compromise veracity; and more accurate explana-
tions frequently demand additional computational resources,
thereby impacting scalability.

3. Conclusion

By structuring explainability methods around the pro-
posed dimensions, we aim to foster developments beyond
narrow technical metrics towards a broader, multi-faceted
explainability research for Al alignment. While the actual
assessment of existing XAl methods was out of scope for this
work, we laid out these dimensions to highlight the role of
explainability in Al alignment—serving not just as a techni-
cal tool but as a real bridge between Al systems and humans.
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