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Abstract

Explainable AI (XAI) research has produced a
plethora of explanation techniques, yet user studies
repeatedly show that available explanations are not
effective in practice. We argue that, given the siloed
nature of conventional XAI, users are struggling to
select the appropriate XAI technique. Viewing XAI
through a philosophical lens, we offer a formaliza-
tion of what we call the selection problem: the sys-
tematic failure of XAI interfaces to bridge the gap
between a user’s natural-language uncertainty and
the explanation technique that resolves it. Follow-
ing a logical premise-conclusion format, we show
that conventional interfaces require users to trans-
late their uncertainty into a technique selection, a
challenging prerequisite to meet. We also propose
a structural solution: a multi-agent LLM orches-
tration tool that translates the user’s query to the
proper XAI explanation technique. We provide an
example of how this structural solution could be in-
stantiated to address the selection problem.

1 Introduction
In recent years, the rapidly emerging field of explainable
AI (XAI) has produced a diverse landscape of explanation
techniques [Mersha et al., 2024; Wilkinson et al., 2026;
Schwalbe and Finzel, 2023; Schneider, 2024]. Many such
explanations are unimodal and non-interactive: the user has
limited control over what is shown and limited ability to re-
quest follow-up information. Techniques are also often eval-
uated in isolation and compared against one another to iden-
tify the best configuration of a single method (e.g., [Humer
et al., 2022]). Studies have explored a variety of XAI tech-
niques. For example, saliency methods identify which input
regions drive a prediction [Selvaraju et al., 2019]. Counter-
factual methods show how small input changes alter predic-
tions and thereby reveal critical decision factors [Mothilal et
al., 2020]. Exemplar methods produce explanations by re-
trieving the closest examples from a training dataset [Hou and
Wang, 2025]. Query-based methods let users question model
perception directly [Lakkaraju et al., 2026]. Each technique
answers a structurally different question about AI behavior.

However, the evaluation of these XAI techniques in prac-
tice with real users remains limited [Suh et al., 2025]. User
studies show that available explanations are frequently ig-
nored, misinterpreted, or used to confirm rather than scruti-
nize AI outputs, leading to an inappropriate reliance on AI
explanations [Spitzer et al., 2025]. Some literature has at-
tributed these challenges to the lack of human-centered tech-
niques [Mangold et al., 2025].

Recent work has begun exploring conversational and inter-
active forms of explanation, including narrative-driven XAI
with large language models [Martens et al., 2026] and pro-
posals for agentic interpretability pursued through dialogue
with a generative model [Kim et al., 2025]. These direc-
tions share our view that explanations are better treated as
an interaction than as a static output [Rohlfing et al., 2020].
Our contribution formalizes the challenge of operationalizing
XAI techniques within an interactive system.

Before receiving any explanation when a user is collabo-
rating with an AI system, that user must answer an implicit
question: which technique is appropriate for what I currently
want to understand? Conventional XAI systems offer expla-
nation techniques as discrete controls. However, providing
individual explanation methods themselves is not sufficient
for users to judge, trust, or question an AI effectively [Labarta
et al., 2024]. Using a philosophic research lens, we formalize
this as the selection problem in XAI: the failure of XAI in-
terfaces to bridge the gap between a user’s natural-language
expression of uncertainty and the explanation technique that
resolves it. We formalize the selection problem as a property
of conventional XAI interface design that places the burden
of mapping uncertainty to the proper explanation technique
on the user when it could be handled by the system.

We then derive three requirements for a structural solu-
tion: it must accept natural-language input directly; output
adequate explanation techniques; and perform the translation
mapping on behalf of the user. Given that a user expresses
uncertainty in natural language, we propose conversational
multi-agent orchestration of XAI as a possible design solu-
tion.

2 The Selection Problem in XAI
We formalize the selection problem as a structural property of
conventional XAI interface design. The argument proceeds in
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three stages: different epistemic states require different tech-
niques; users must perform a translation from their natural
language uncertainty to an XAI technique selection; and the
user’s mapping may be unreliable.
Premise 1a. An AI model is a function from inputs to outputs.
Premise 1b. An explanation technique is a function that

takes an input and a model and returns an explanation.
Premise 1c. Different explanation techniques may answer

structurally different questions.
Premise 1d. A user’s uncertainty has a specific epistemic

state at any given moment.
Conclusion 1. Given a user’s uncertainty, only a subset of

available techniques can actually resolve it.
Premise 2a. Users express uncertainty in natural language,

not as technique selections.
Premise 2b. Conventional XAI interfaces require a tech-

nique selection as input.
Conclusion 2. The user must perform a translation from nat-

ural language to technique selection.
Premise 3. Reliable question-to-XAI type mapping is not a

skill the user population can be assumed to have.
Conclusion 3. User-performed mapping is unreliable.
Conclusion. Different uncertainties require different tech-

niques (C1), and users cannot reliably translate their
uncertainty into the right technique (C2, C3). There-
fore, there exists a selection problem in which the user’s
selected technique falls outside the adequate set.

Premise 1a. An AI model is a function from inputs to out-
puts. To view the selection problem through a philosophi-
cal lens, we first define the structure of an AI model as a func-
tion of inputs and outputs. An AI model M takes in an input
space X , the set of all possible inputs, and maps to an output
space Y , which contains all possible predictions generated by
the system. The model is therefore a function M : X → Y .
Under this formalization, M takes an input x ∈ X and returns
a prediction y ∈ Y .
Premise 1b. An explanation technique is a function that
takes an input and a model and returns an explanation.
With that understanding, we use the following definition of
XAI: “a set of processes and methods that allows human
users to comprehend and trust the results and output created
by machine learning algorithms” [IBM, 2026]. An explana-
tion is the specific output produced by the technique when run
on a particular input and model. For example, gradient class
activation mapping (Grad-CAM) outputs a saliency map [Sel-
varaju et al., 2019]; the Diverse Counterfactual Explanations
(DiCE) algorithm outputs a counterfactual [Mothilal et al.,
2020]; nearest-neighbors retrieval outputs an example-based
explanation [Dong et al., 2025].
Premise 1c. Different explanation techniques answer
structurally different questions. Each technique produces
a different kind of explanation output [Liao et al., 2020]. We
define a finite set of techniques as E, where any individual
technique ei is an element of the set, ei ∈ E. Each technique
ei takes in input x and model M to produce an explanation.

Premise 1d. A user’s uncertainty has a specific epistemic
state at any given moment. A user seeks an XAI expla-
nation when they encounter an AI prediction that leaves them
uncertain about the model’s logic; they need help understand-
ing why M produced prediction y for input x. We represent
the specific uncertainty as their epistemic state ω. Because
the epistemic state is conditioned upon the existing knowl-
edge the user holds at the time of the interaction, we write
ω = (x, y, ϕ): the input to the model x, the output of the
model y, and ϕ, the specific gap in their understanding that
prompts them to seek an explanation.

The uncertainty gap ϕ encompasses what the user does not
understand but also why they seek to understand it. The goal
of an explanation shapes which technique is adequate: a user
seeking recourse is served by counterfactuals that modify a
small number of features, while a user seeking to learn about
a domain may be better served by more global explanations
[Delaney et al., 2022]. Two users with the same input, output,
and surface question may have different reasons for wanting
an explanation, thus possessing different epistemic states.

Conclusion 1. Only a subset of available techniques can
resolve any given epistemic state. Because each explain-
ability method is designed to generate a distinct type of out-
put, its capacity to address the user’s particular inquiry is nec-
essarily constrained. The utility of any given technique is
siloed, relevant only to a narrow set of questions. Within the
context of an epistemic state ω, only some of the techniques
in E are actually useful. We denote the subset of techniques
capable of resolving the user’s uncertainty as E∗(ω), where
E∗(ω) ⊆ E. This is the subset of explanations that, given
the user’s epistemic state ω, would actually help the user with
what they want to know. The efficacy of an explanation tech-
nique is defined relative to the user’s epistemic state.

Premise 2a. Users express uncertainty in natural lan-
guage, not as technique selections. The epistemic state of
the user ω is an internal condition that must be communicated
externally to the XAI system. The user must convert their
sense of ambiguity into a structured natural-language form,
denoted as query q. The query q serves as the only exter-
nal evidence of the user’s requirements. The user’s underly-
ing epistemic state is not directly accessible by the system,
which can only perceive a representation of the uncertainty.
The user articulates their internal uncertainty ϕ into a query
q ∈ L, where L represents the set of all possible expressions
a user might say or think. The query q functions as a verbal-
ization of the underlying uncertainty ϕ.

Notably, q is not assumed to be an accurate or complete
representation of the underlying uncertainty ϕ. A user’s se-
lection of an inadequate technique can itself signal unre-
solved uncertainty, but conventional interfaces have no chan-
nel through which to detect or act on that signal.

Premise 2b. Conventional XAI interfaces require a tech-
nique selection as input. Conventional XAI interfaces do
not accept q as input. In conventional systems, either the user
selects the technique or the developer fixes the choice in ad-
vance on their behalf. Either way, a human agent (which we
will refer to as the user, for convenience) must produce some
chosen technique ê ∈ E.



Conclusion 2. The user must translate from natural
language to technique selection. The user must identify
which methodology within the available set is capable of re-
solving their particular question, mapping their query q to a
technique choice ê. For this translation step, the user must
possess enough technical knowledge to understand the capa-
bilities of the various explanation techniques. Because both
the articulation and the mapping phases occur on the user side
of the interaction, the system is unable to detect if a failure oc-
curs in either step. The system never sees the user’s internal
uncertainty, only their selected technique. The system can
instead only access q, a representation of ϕ. A mismatch be-
tween the user’s curiosity and the system’s output can persist
without any detection by the model.

Premise 3. Reliable question-type classification is not a
skill the user population can be assumed to have. One
of the most referenced works on XAI is the XAI Question
Bank (XAIQB), an algorithm-informed XAI question bank
in which user needs for explainability are represented as typi-
cal questions users might ask about the AI [Liao et al., 2020].
Users “may hold preconceptions of what constitutes useful ex-
planations for decisions,” even without a deep technical un-
derstanding of AI [Liao et al., 2020]. The XAIQB exists pre-
cisely because users cannot be expected to produce a catego-
rization or mapping of XAI techniques on their own. Empir-
ical applications of the XAIQB corroborate that some ques-
tions were difficult to distinguish and required interpretation
during use, thus unclear to what extent the XAIQB captured
the explanation needs of end-users [Sipos et al., 2023].

In practice, a user-performed mapping of an uncertainty
to a explanation technique produces structured and recurring
failure modes. A typology of XAI failures identifies user-side
failures arising from inconsistent inferences, distinguishing
mismatch failures (contradictions between ML explanations
and users’ expectations in terms of format), counterintuitive
failures (contradictions in explanation content), and biased
inferences (cognitive biases interfering with the explanation)
[Bove et al., 2025]. Each of these failure modes is consistent
with a user who has attempted to seek an explanation without
a reliable mapping from their question to a technique type.
The user receives an explanation, but it does not align with
what they were trying to understand.

Conclusion 3. User-performed mapping is unreliable. It
follows that for many users, their selection of an explanation
technique ê is not reliably constrained to fall within the ade-
quate set E∗(ω). The user is forced to map without the pre-
requisites needed to perform that mapping reliably. This is a
structural consequence of placing the mapping function fuser
at a point in the workflow where the user is required to act
before the system can support them.

Conclusion: There exists a selection problem in which the
user’s selected technique falls outside the adequate set.
We can write the user’s translation as a function fuser : L →
E that turns a natural-language query into a technique se-
lection. The user is forced to perform this mapping with-
out any support from the system, and doing it correctly re-
quires knowing what each tool does, which question types
each tool answers, and being able to accurately name what

kind of question they are asking, all before seeing any expla-
nation at all. This prerequisite exists on both the user and
developer sides. While developers may understand the op-
erational parameters of the available explanation techniques,
they may lack insight into the user’s specific intent or the
nature of their underlying question. End users may recog-
nize their own uncertainty but lack the technical knowledge
to identify the explanation tools that would resolve it.

When the user fails to map their uncertainty to the appro-
priate technique, and the selected explanation ê lands out-
side of E∗(ω), we have what we call the selection problem
of XAI: the technique the user chose is not among the tech-
niques that would actually resolve their uncertainty. More
formally, the selection problem occurs when

ê /∈ E∗(ω). (1)

The selection problem represents a failure in the explanatory
process, where the output provided by the system remains
functionally irrelevant to the user’s actual needs.

3 Structural Solution: Multi-Agent LLM
Orchestration System

The selection problem arises because conventional XAI inter-
faces require the user to perform the mapping fuser : L → E
from query to explanation technique. The structural solution
is to shift this burden to the system, a mapping function fsys.

We identify three requirements for any system that replaces
user-performed mapping: it must accept natural-language in-
put, it must return adequate techniques as output, and the
translation between them must be performed by the system
rather than the user.

The system accepts natural-language input. The user’s
uncertainty originates in natural language L. Conventional
interfaces demand a discrete technique selection, or they
force a selection by only providing a single technique. The
mismatch between these two forces the user to translate their
query into a vocabulary the interface accepts. A structural so-
lution must therefore accept q ∈ L directly, so the user is not
required to map their question to technique-based terms.

The system returns adequate technique routing. Each
explanation technique answers a distinct question, and there
is an adequate technique set E∗(ω) ⊆ E for each epistemic
state. A solution that returned techniques outside E∗(ω)
would deliver explanations that fail to address the user’s ac-
tual uncertainty. The system must therefore aim to select
techniques that can resolve the user’s expressed uncertainty.

The system assists with the mapping translation. One
solution could move the mapping function off the user par-
tially or entirely, so that fsys : L → E∗(ω) is performed by
the system. The user’s remaining contribution is to articulate
q. Although the user’s articulation itself may not be trivial,
shifting the mapping to the system opens the possibility of
a collaborative, multi-turn exchange. The system could re-
spond to internal uncertainty in ways a conventional interface
cannot, such as eliciting the user’s goal or refining q before
routing.



4 Instantiating a Multi-Agent LLM
Orchestrator for XAI

We provide the community with an example of how to in-
stantiate this structural solution using four different XAI tech-
niques in the context of medical imaging. While we believe
this structural solution can be domain-agnostic, describing its
potential operationalization in a specific domain helps illus-
trate the functionality.

Figure 1: (Top & Middle) Examples of existing public LLM in-
terfaces with multi-agent functionality used for design inspiration.
(Bottom) Example design of offering an LLM orchestrator “Smart”
mode that routes natural-language queries from the user to one of
the specialized XAI agents through function calling.

The first system requirement demands natural-language
understanding at the input boundary. The second requires
knowledge of which techniques resolve which kinds of un-
certainty, encoded in a way that supports automated routing.
The third calls for a system-run process that routes a natural-
language query input to an explanation technique as output.

Drawing from designs in popular public LLM tools (top
two images of Figure 1), such as Claude, Gemini, and Chat-
GPT, we imagine how a multi-agent LLM orchestrator could
help users navigate different XAI techniques as shown with
the “Smart” mode in the bottom image of Figure 1. A “Smart”
orchestration tool offers a blueprint: prompt an LLM to match

the user’s natural-language question to the question types
that known XAI techniques address, such as those in Liao’s
XAIQB. Routing decisions are made by the orchestrator at
the moment of query, ensuring that the techniques returned
are matched to the structure of the user’s uncertainty.

The orchestrator tool would thus model fsys : L → E∗(ω),
receiving the user’s natural language query, classifying its un-
derlying type, and routing it to the best-suited explanation
agent. For users who already know which explanation tech-
nique they want, individual ”modes” can be invoked directly,
bypassing the orchestrator. In our instantiation, the orchestra-
tor itself is implemented with Gemini 2.5 Flash, configured to
map query types onto the available agents.

Our LLM-based orchestrator instantiation aims to address
the three requirements by mapping the user’s query to a suite
of XAI agents. Natural-language understanding is a native
LLM capability, satisfying the first requirement. Function
calling provides the routing mechanism, satisfying the sec-
ond. The ability of the orchestrator to interpret a query, select
techniques, and return outputs in a single pipeline absorbs the
mapping function into the system, satisfying the third.

5 Future Work & Conclusion
We have argued that the adoption gap in XAI is, at least in
part, a problem of interface presentation. Conventional XAI
interfaces force the user to map their natural-language uncer-
tainty onto a discrete technique selection before any explana-
tion is produced, and performing this mapping can be unreli-
able. We formalized this as the selection problem and pro-
posed an LLM-based multi-agent orchestrator that absorbs
the mapping function into the system as one solution.

Future work should consider the selection problem more
closely by further investigating the premises and conclusions
we present. For example, researchers could design studies
to more concretely identify whether user-performed mapping
is indeed unreliable and to what extent the selection problem
exists for end-users versus AI system designers.

Beyond that, researchers could expand these designs to
other domains and XAI techniques. An immediate next step
could be to compare the effectiveness of a multi-agent LLM
orchestrator for XAI with that of presenting the techniques
to users without the orchestrator. Technical researchers could
explore how to best implement the backend of the orches-
trator to ensure that the user’s natural language inquiries are
routed to the correct XAI agent, whether through prompt en-
gineering or by implementing multi-turn conversations.

Ultimately, we hope that our formalization, description of
system requirements, and example implementation of the sys-
tem inspire conversations in the human-centered XAI com-
munity and encourage researchers to consider the selection
problem when designing XAI systems.
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