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Abstract

Large language models (LLMs) are increas-
ingly being used as part of complex agentic sys-
tems that orchestrate the use of external tools,
such as retrieval mechanisms or code inter-
preters. In this survey, we argue that this devel-
opment necessitates a rethinking of the goals of
explainable artificial intelligence (XAI): Rather
than focusing on providing users with explana-
tions for monolithic machine learning models,
we need system-level explanations that also pro-
vide information about which and how tools are
used, as well as how external execution traces
causally influence system behavior. We pro-
vide an overview of the existing methods in
explainable Al and discuss the limitations of
monolithic XAI methods in agentic contexts.
Finally, we highlight open challenges in provid-
ing faithful explanations for LLM-based sys-
tems.

1 Introduction

Large language model (LLM)-based artificial in-
telligence (AI) systems continually grow in com-
plexity and increasingly rely on sets of tools that
interact with one another. This growing complex-
ity makes it difficult for users to understand and
predict the LLM’s behavior accurately. At the
same time, the shift from standalone models to
multi-component systems introduces new forms of
opacity at the system level. Traditional approaches
in explainable artificial intelligence (XAI), such
as input attribution or mechanistic interpretability,
however, mainly assume monolithic, end-to-end
differentiable models and do not address the ex-
planation needs that arise from tool use, which is
now central to modern LLM-based systems and Al
agents. In this work, we survey existing explain-
ability research from the perspective of tool-using
LLM systems, that is, architectures that integrate
external components into their inference process.
Al agents and augmented LLMs extend stan-
dalone generative models by integrating external

information sources, tools, and structured inter-
action loops into inference. A first class of ap-
proaches focuses on capability delegation, in which
LLMs rely on external components to perform well-
defined subtasks. A canonical example is retrieval-
augmented generation, which augments LLMs
with mechanisms to query knowledge bases and
condition generation on retrieved context (Lewis
et al., 2020; Izacard and Grave, 2021). Augmen-
tation mechanisms also include web search or ex-
ternal components like calculators or translation
systems (Komeili et al., 2022; Thoppilan et al.,
2022). Program-aided approaches couple LLMs
with execution environments, such as Python in-
terpreters, allowing models to generate programs
while delegating computation to symbolic runtimes
(Gao et al., 2023a). Works like Toolformer (Schick
et al., 2023) move beyond manually specified dele-
gation by enabling LL.Ms to learn when and how
to select, invoke, and incorporate tools during gen-
eration. Recent architectures build on this idea
through the framework of agentic orchestration, in
which LLMs act as high-level controllers that plan
tasks, select domain-specific models, and synthe-
size results (e.g., HuggingGPT : Shen et al., 2023).
Subsequent systems scale tool use across large and
diverse API spaces through parallel function execu-
tion (Kim et al., 2024), enhance robustness via self-
reflection mechanisms (Du et al., 2024), or employ
multiple LLMs through mixture-of-agents designs
(Wang et al., 2025a). Efforts such as the Model
Context Protocol (Parra and Spahr-Summers, 2024)
standardize tool interfaces, enabling modular and
interoperable agent ecosystems.

These developments increase functional expres-
sivity but complicate explanation, as model outputs
now emerge from interactions between the LLM,
tools, and execution environments rather than a
single forward pass, shifting the focus of explain-
ability from “why did the model output X?” to

“how did delegation, orchestration, and interaction
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with external components affect X?”. Augmented
systems introduce qualitatively different explana-
tion targets from those addressed by traditional
XAl raising critical questions from an explainabil-
ity perspective: Which tools are used and how do
they work? How does the LLM invoke tools and
use their output to generate responses? To what
extent does the LLM rely on tools?

In contrast to prior work, these questions con-
cern decisions made at the system level rather than
within a single model. Such explanations are partic-
ularly relevant given that users form mental models
of LLM-based Al systems, holding beliefs about
how they store information, reason, learn, and
make decisions. Some of these beliefs are em-
pirically reasonable given current system capabil-
ities, while others reflect genuine misconceptions
about model architecture or function. Users often
believe that models access online information or
external databases (Wang et al., 2025c¢), or that as-
sistants “remember” and “learn” from prior interac-
tions (Zamfirescu-Pereira et al., 2023), which may
be true for systems that integrate retrieval, query
persistent chat histories, or possess personalization
layers. At the same time, users may incorrectly as-
sume that models modify their own parameters or
perform computations between sessions (O’Brien
et al., 2025; Zamfirescu-Pereira et al., 2023). They
may also overly trust intermediate outputs such as
plans or rationales, interpreting them as indicators
of correctness (Buginca et al., 2021; He et al., 2025;
Kim et al., 2025; Park et al., 2025). More gener-
ally, perceptions of factual reliability (Gessinger
et al., 2025) or moral neutrality (Tolsdorf et al.,
2025) are often unwarranted, as aligned models
can still hallucinate, reflect biases, or reason incon-
sistently. Explanations for tool-using LLMs must
therefore expose relevant system-level mechanisms
and support the appropriate level of trust, rather
than reinforcing surface-level intuitions.

This survey aims to provide an overview of re-
search on explainability for tool-using LLMs and
agents, and to identify open challenges in explain-
ing them. In contrast to work focused on mono-
lithic models, we adopt a system-level perspective
on explainability for tool-augmented inference.

2 Background: Explainability in
Non-Tool-Augmented Systems

Before discussing explainability methods that have
been designed for tool-using systems, we briefly as-

sess methods that have been developed for explain-
ing the behavior of monolithic models, including
LLMs without explicit tool use and simpler neural
networks. These methods, while foundational, typ-
ically assume a single model or inference process,
and therefore do not directly account for delega-
tion, orchestration, and interaction with external
components in tool-using LLLM systems.

Early surveys on XAl focused on defining in-
terpretability, motivating its necessity, and situat-
ing explanation within human and social contexts.
Doshi-Velez and Kim (2017) emphasized the need
for task-specific and human-grounded evaluation,
while Miller (2019) grounded explainability in in-
sights from the social sciences. Subsequent work
proposed taxonomies and unifying frameworks for
XAI (Murdoch et al., 2019; Arrieta et al., 2020;
Vilone and Longo, 2021), surveyed complemen-
tary perspectives such as training data attribution
(Hammoudeh and Lowd, 2024) and explanation
evaluation (Zhou et al., 2021; Nauta et al., 2023).

With the advent of large transformer-based lan-
guage models (Vaswani et al., 2017; Devlin et al.,
2019), a parallel line of work examined explainabil-
ity for NLP and LLMs. These surveys addressed
issues such as faithfulness (Jacovi and Goldberg,
2020), reviewed attribution, probing, and mechanis-
tic approaches (Luo et al., 2024; Lyu et al., 2024;
Ferrando et al., 2024), and discussed how scale
and instruction tuning challenge traditional inter-
pretability notions (Zhao et al., 2024; Luo and Spe-
cia, 2024; Singh et al., 2024). Despite their breadth,
these surveys largely conceptualize explainability
at the level of standalone models and single infer-
ence passes, giving limited attention to tool use,
orchestration, and multi-step system behavior.

Input attribution. Input attribution methods ex-
plain model outputs by assigning importance scores
to input features, such as words or tokens. Promi-
nent approaches include the perturbation-based
methods LIME (Ribeiro et al., 2016) and SHAP
(Lundberg and Lee, 2017), as well as the gradient-
based integrated gradients (Sundararajan et al.,
2017). These methods established attribution as
a central paradigm for providing explanations. In
contrast, the use of attention weights as faithful
attribution signals remains contested (Jain and Wal-
lace, 2019; Wiegreffe and Pinter, 2019).

However, applying input attribution to LLMs
can be challenging. The discrete nature of text
complicates baseline selection and interpolation



paths, motivating adaptations such as discretized
integrated gradients (Sanyal and Ren, 2021). Fur-
ther, perturbation-based methods scale poorly to
the long contexts typical of LLMs, can produce out-
of-distribution inputs, and are not directly applica-
ble to text generation. This motivated extensions
of SHAP-style attribution methods for explaining
generated responses (Paes et al., 2025). Overall,
input attribution can highlight parts of an input that
influenced a specific output, but it remains limited
to explaining single input—output pairs and does not
capture the multi-step decision-making, tool invo-
cation, or orchestration processes that characterize
tool-using LL.Ms.

Training data attribution. Training data attribu-
tion explains model behavior by identifying influen-
tial examples from the training corpus, for instance
via influence functions (Koh and Liang, 2017),
which estimate the contribution of individual train-
ing documents without retraining (e.g., Guo et al.,
2021; Grosse et al., 2023; Choe et al., 2024). In
practice, these methods face substantial scalabil-
ity limitations for LLMs and are often restricted
to smaller models or fine-tuning data. More fun-
damentally, training data attribution explains how
models acquire knowledge during training, but pro-
vides little insight into runtime decision-making,
tool selection, and multi-step interactions that char-
acterize tool-using LLM systems.

Probing. Probing aims to determine what kinds
of information are encoded in a model’s inter-
nal representations by training a simple classi-
fier—often linear—to predict a property of interest
from those representations (Belinkov, 2022). It has
been used to study a wide range of linguistic and
semantic properties, from morphology and syntax
(Belinkov et al., 2017; Hewitt and Manning, 2019)
to more complex phenomena such as world knowl-
edge (Li et al., 2023). While probing can reveal
what information a model could in principle use,
it does not necessarily explain what information
the model actually causally relies on when making
predictions (Elazar et al., 2021). Results are also
sensitive to probe complexity, requiring careful
controls (Hewitt and Liang, 2019; Voita and Titov,
2020). In the context of tool-using LLM systems,
probing has seen limited adoption, as it provides
little insight into runtime decision-making across
tools, though it has been used to analyze whether
retrieval-augmented models rely on parametric or
contextual knowledge (Tighidet et al., 2024).

Causal intervention. Causal intervention meth-
ods aim to identify which internal components
of a neural network are causally responsible for
specific behaviors, and are often associated with
work on mechanistic interpretability (e.g., Geiger
et al., 2021; Hanna et al., 2023). One approach
is activation patching (Vig et al., 2020), which
replaces internal activations between minimally
different inputs to localize components that drive
changes in outputs. Related methods include causal
tracing (Meng et al., 2022) and other localization
techniques for neurons or attention heads (e.g.,
Goldowsky-Dill et al., 2023; Wang et al., 2023a).
By disentangling causal from correlational ef-
fects, these methods offer a principled way to study
model internals, but practical challenges arise when
applied to LLMs including difficulty in isolating
minimal, faithful subnetworks that implement spe-
cific functionality (Mueller et al., 2025). More-
over, causal intervention techniques have not yet
been systematically applied to tool-using systems,
where behaviors emerge not only from model inter-
nal mechanisms but also from interactions between
models, tools, and execution environments.

Self-explanations. Self-explanation refers to
LLMs producing an output together with a natural-
language rationale intended to explain why that
output was generated (Rajani et al., 2019). While
such rationales are often coherent and plausible,
they may not faithfully reflect the causal factors
that guided generation (Jacovi and Goldberg, 2020;
Barez et al., 2025). Accordingly, explanations are
commonly evaluated along three dimensions: Plau-
sibility captures whether explanations appear coher-
ent and convincing to humans (Lage et al., 2019;
Jacovi and Goldberg, 2020). Faithfulness asks if
the explanation aligns with the causal decision pro-
cess of the model, which can be tested through
causal interventions or counterfactual manipula-
tions (Lyu et al., 2024).! Simulatability captures
if explanations help users anticipate model behav-
ior or failure modes (Doshi-Velez and Kim, 2017;
Hase and Bansal, 2020). In tool-using LLM sys-
tems, self-explanations are particularly limited, as
such rationales may omit, misrepresent, or halluci-
nate tool invocations, intermediate decisions, and
interactions with external components, potentially
leading to unwarranted trust in system behavior.

'We define faithfulness as the extent to which an explana-
tion reflects the true causal factors influencing system behavior,
rather than its ability to provide plausible justifications.



3 Explainability for Tool-using L.Ms

Explainability for tool-using LLLMs spans a spec-
trum between two complementary perspectives: us-
ing tools to generate explanations of system be-
havior, and explaining why and how tools were
invoked during inference. Many systems combine
both directions, for example, by calling analysis
tools to produce explanations while simultaneously
exposing tool calls or reasoning traces. In this sec-
tion, we cover approaches across this spectrum at
increasing levels of abstraction.

3.1 RAG and Explainability

Retrieval-augmented generation enhances LLMs
by providing mechanisms to retrieve passages from
knowledge bases and to condition generation on
the retrieved context. Existing work on explain-
ability in the context of RAG focuses on how the
retrieved context shapes model output rather than
on the retrieval mechanism and its system-level de-
cisions. Consequently, RAG occupies a boundary
position between output-grounding techniques and
tool-level explainability.

RAG for information tracing and grounding.
RAG is widely used to ground model outputs in cu-
rated sources, supporting fact tracing, citation, and
provenance attribution (Sankararaman et al., 2024;
Zhu et al., 2025b,a; Xia et al., 2025; Qi et al., 2024;
Armant et al., 2024). By pairing answers with re-
trieved documents, these systems make outputs eas-
ier to verify. However, standard RAG setups may
provide relevant documents, but do not explain
why documents were retrieved or how retrieval in-
fluenced the model’s reasoning. This limits their
usefulness to knowledge-based tasks where users
can verify model outputs against the ground truth
in the retrieved documents.

RAG for generating explanations. RAG has
also been used to generate explanations or ratio-
nales alongside predictions. Some approaches
prompt RAG models to produce self-explanations
conditioned on retrieved context (Garigliotti, 2025;
Wei et al., 2025; Peng et al., 2025), while others
adapt attribution methods to highlight influential
parts of the combined prompt and context (Sudhi
et al., 2024). A complementary line of work ex-
plains outputs in terms of retrieved sources by per-
turbing document sets or knowledge graphs to iden-
tify influential evidence (Rorseth et al., 2024; Bal-
anos et al., 2025). Systems that use RAG to ex-

plain external processes rather than model behavior
are out of scope in this survey (e.g., Minor and
Kaucher, 2024; Li et al., 2025; Gao et al., 2023b).

Explaining and evaluating RAG models. Eval-
uation of RAG systems often draws on properties
from interpretability literature, such as faithfulness,
to capture the causal relationship between retrieved
context and generated outputs. Prior work studies
answer faithfulness and attribution groundedness
(Gao et al., 2024; Qi et al., 2024; Song et al., 2025;
Ye et al., 2024; Patel et al., 2024), and distinguishes
between citation correctness and faithfulness (Wal-
lat et al., 2025). Similar notions are reflected in
benchmarks that assess context utilization, rele-
vance, and answer completeness (Friel et al., 2025).
Overall, however, RAG explainability primarily ad-
dresses grounding and justification of generated
outputs. Most existing approaches explain answers
instead of the retrieval and generation decisions,
and thus provide only a partial explanation.

3.2 Tool-Level Transparency

Beyond information retrieval mechanisms, tool-
using LLMs invoke external APIs or computational
tools to perform reasoning and actions. At this
level, explainability concerns how individual tool
calls contribute to an agent’s inference process, cov-
ering both the exposure of tool invocations them-
selves and explanations for why tools were used.
Existing work spans from implicit transparency,
to structured tool calls, to explicit, tool-supported
explanation generation.

Transparent tool calls without explicit explana-
tions. Structured tool calls that expose the tool
name, input arguments, and outputs already pro-
vide a basic form of interpretability by making
intermediate steps observable. Early systems such
as ReAct (Yao et al., 2023b) interleave natural-
language reasoning with external actions, allowing
users to inspect which tools were invoked and with
what effects. Toolformer (Schick et al., 2023) and
HuggingGPT (Shen et al., 2023) generalize this
paradigm by enabling LL.Ms to call diverse exter-
nal tools through structured APIs. While these
approaches do not generate dedicated explanations,
their explicit tool-use traces make reasoning steps
more transparent than end-to-end text generation.
Related work such as Gorilla (Patil et al., 2024)
grounds tool calls in retrieved API documentation
and evaluates correctness via syntactic matching,



further improving verifiability of tool usage. Sim-
ilarly, standardization efforts like the Model Con-
text Protocol(MCP) aim to improve transparency
and interoperability of tool interfaces, facilitating
inspection and auditing of individual tool calls.

Explanation generation with and for tool calls.
Other systems explicitly generate explanations for
tool usage or employ tools to construct explana-
tions. SCRIBE (Fawzi et al., 2025) produces struc-
tured, step-by-step explanations grounded in tool
outputs in educational settings, while ECHO (Van-
brabant et al., 2025) equips an LLM with access to
model interfaces, data, and XAl utilities to orches-
trate multi-step explanations of another model’s
behavior. Related approaches such as KnowThy-
self (Prasai et al., 2025) apply similar orchestration
principles for model interpretability. Complemen-
tary work focuses on making intermediate reason-
ing artifacts explicit. Program-Aided Language
Models (PAL) (Gao et al., 2023a) and Program-
of-Thoughts (Chen et al., 2023) express reason-
ing as executable code, separating logical infer-
ence and computation from generation, enabling
inspection of each step. Natural-language reason-
ing paradigms such as Chain-of-Thought (CoT)
prompting (Wei et al., 2022), Tree-of-Thought (Yao
et al., 2023a), and plan-based or self-reflective
methods (Wang et al., 2023b; Shinn et al., 2023;
Madaan et al., 2023) expose intermediate reason-
ing as structured text, improving transparency and
often performance. However, different analyses
show that such reasoning traces are frequently un-
faithful: they describe plausible reasoning without
necessarily reflecting the causal processes that pro-
duced the output (Turpin et al., 2023; Lanham et al.,
2023; Paul et al., 2024). In tool-using settings, this
limitation becomes more pronounced, as reasoning
traces may plausibly justify tool use without cor-
responding to the actual tool calls executed or the
causal role their outputs played in the final deci-
sion. Recent work on interactive reasoning (Pang
et al., 2025) highlights this gap by enabling users to
inspect, restructure, and intervene in CoT reason-
ing, suggesting that faithfulness in agentic contexts
requires alignment not only between reasoning and
output, but also between reasoning traces and the
system’s actions.

Overall, tool-level reasoning transparency im-
proves interpretability by exposing or explaining
individual tool invocations and intermediate deci-
sions. However, these approaches typically focus

on localized steps rather than entire agent trajecto-
ries. We discuss system-level methods that address
this shortcoming in the next subsection.

3.3 System-Level Transparency

System-level transparency addresses explainabil-
ity at the level of complete agent architectures and
execution histories, rather than individual reason-
ing steps or isolated tool calls. In contrast to tool-
level transparency, which focuses on local deci-
sions within a single interaction, system-level ap-
proaches characterize component composition, in-
formation flow across tools, and agent behavior
across entire trajectories or populations of runs.

Documentation. Structured documentation pro-
vides information on model capabilities, compo-
nents, and intended use. Model Cards (Mitchell
et al., 2019) and Foundation Model Transparency
Reports (Bommasani et al., 2024) standardize dis-
closure of datasets, evaluation, risks, and archi-
tecture. While originally designed for monolithic
models, these frameworks include some indicators
relevant to tool-augmented systems—such as disclo-
sure of model components and their integration—but
do not support characterization of tools, tool depen-
dencies, or runtime attribution.

Provenance-based approaches capture how out-
comes arise from interactions among models, tools,
and data. PROV-AGENT (Souza et al., 2025) ex-
tends the W3C PROV model? and integrates with
the Model Context Protocol to record prompts,
model responses, tool invocations, and their de-
pendencies within unified provenance graphs. This
enables reconstruction of agent workflows and attri-
bution across human and machine-driven activities.

Auditing, verification, and observability. Be-
yond tracing individual executions, several systems
support auditing and evaluation of agent behavior
at scale. VeriLA (Sung et al., 2025) verifies multi-
step agents by scoring intermediate subtasks and
aggregating correctness over structured execution
graphs. Observability platforms such as LangSmith
Observability® and DeepEval* provide end-to-end
traces and component-level evaluations, while vi-
sualization tools like Seaview (Bula et al., 2025),
the OpenHands Trajectory Visualizer®, and Agent
Trajectory Explorer (Desmond et al., 2025) render

2w3. org/TR/prov-overview/

3langchain .com/langsmith/observability
4deepeval .com/docs/getting-started
Sgithub.com/OpenHands/trajectory-visualizer
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long agent trajectories in human-interpretable form
for debugging and comparison. These approaches
extend explainability from local reasoning steps to
global system behavior, enabling analysis of how
complex, tool-using LLM agents operate across
time and interactions.

Explainability for computer systems and pro-
grams. Many challenges posed by tool-using
LLM agents—such as attributing outcomes to in-
termediate steps, tools, and data—have long been
studied in the context of program and system ex-
plainability. Work in software debugging framed
explanations as causal accounts of system behavior,
exemplified by the Whyline system (Ko and My-
ers, 2004, 2009), which allowed users to ask “why”
and “why not” questions about program outputs,
and by delta debugging (Zeller and Hildebrandt,
2025; Zeller, 2009), which isolates minimal failure-
inducing inputs and state differences. Work in
databases and workflow systems formalized expla-
nation through data provenance, tracing how data
items and transformations contribute to observed
results (Buneman et al., 2001; Cheney et al., 2009;
Freire et al., 2008). In parallel, research on observ-
ability in distributed systems developed techniques
for reconstructing causal execution paths across
components (Fonseca et al., 2007; Sigelman et al.,
2010; Kaldor et al., 2017). These approaches es-
tablished system-level causality, provenance, and
observability as foundational principles for explain-
ing complex, multi-component systems, providing
important conceptual references for explainability
in tool-using LLM agents.

3.4 Domain-Specific and Multimodal Systems

For some LLM agents, explainability is driven by
how non-textual modalities and domain signals en-
ter the decision loop. Explanations need to relate
actions and tool calls to perceptual inputs (often vi-
sion), structured intermediates, or domain concepts.
A key distinction from an explainability perspec-
tive is whether domain-specificity and modalities
are handled by separate tools or integrated into a
multimodal backbone:

Vision as a separate module or tool. Many
agents route images through a dedicated percep-
tion component (e.g., detector, encoder, VQA),
yielding intermediate outputs for downstream rea-
soning. Explanations focus on grounding deci-
sions in visual evidence and exposing the percep-
tion—reasoning pipeline, for example, by linking

answers to image regions or attributes (Yu and Ana-
niadou, 2025; Park et al., 2018). Recent work im-
proves transparency with intermediate structures,
such as task graphs (Nooralahzadeh et al., 2024),
interpretable vision-language representations (Sha-
ham et al., 2024), or flowchart-like attributions for
multi-step visual reasoning (Suri et al., 2025).

Integrated multimodal backbones. Other sys-
tems utilize joint vision-language models. Here,
explainability shifts from tool invocation to inter-
nal mechanisms of multimodal integration, such as
cross-modal attention, circuits, or concept repre-
sentations (Palit et al., 2023; Huo et al., 2024; Fang
et al., 2024; Parekh et al., 2024; Bhalla et al., 2024;
Gandelsman et al., 2025). These works do not
address tool use directly, but they serve to demon-
strate how explanation targets and faithfulness cri-
teria shift when augmentation relies on internal
representations instead of explicit tool calls.

Domain-specific settings. Explainability is also
required in specialized domains, where trans-
parency depends on linking behavior to do-
main knowledge and workflows. For example,
in LLM-controlled robotics, interpretability re-
quires grounding in a library of executable robot
skills (Ichter et al., 2022). In medicine, clinical
agents emphasize interpretable reasoning traces
and tool use to enable expert oversight (Shimgekar
et al., 2025; Shi et al., 2025).

4 Discussion

4.1 Does tool use improve interpretability?

Tool use makes LLMs more interpretable.
Tool output is not the entire story of an LLM’s
behavior, but it constitutes an important and often
informative part of it, as knowing which tool pro-
duced an intermediate result makes substantial por-
tions of the reasoning process explicit. Because
many tools operate according to comparatively
transparent logic—such as arithmetic computation,
database lookup, or API execution—they typically
require less additional interpretation than purely
statistical text generation. Moreover, intermediate
tool outputs provide concrete artifacts that users
can inspect, verify, and cross-check against their
own knowledge or external sources, supporting
stepwise validation of system behavior rather than
relying solely on final answers. Empirical stud-
ies further suggest that mechanisms such as CoT
prompting, RAG, and reference attribution can in-



crease user trust and effectiveness when interacting
with chatbots (Wei et al., 2022; Menick et al., 2022;
Zamfirescu-Pereira et al., 2023), although this trust
is not always warranted and depends on the faithful-
ness of the exposed signals (Jacovi and Goldberg,
2020; Turpin et al., 2023; He et al., 2024).

Providing explanations is harder with tool use.
At the same time, tool use introduces additional
complexity that must itself be understood and ex-
plained. Whereas traditional language-only sys-
tems require explanations primarily for text gener-
ation, tool-calling agents require explanations not
only for generated outputs but also for tool selec-
tion, invocation, and integration. Because tool calls
are often easier to interpret than free-form genera-
tion, there is a risk that their visibility leads to an
overemphasis on their role, creating unwarranted
increases in user trust even in tasks where tools
contribute little or no value. Given that explaining
text generation remains an open and challenging
problem, we caution against claims that tool use
inherently makes LLMs more interpretable or trust-
worthy. Similar concerns have been raised in the
context of RAG systems, where improved inter-
pretability or groundedness is frequently cited as a
motivation (e.g., He et al., 2024; Wang et al., 2024,
2025b), yet such claims are rarely validated outside
dedicated and costly evaluation studies.

4.2 Open Challenges

Granularity. A central open challenge for ex-
plainability in tool-calling LLMs concerns the ap-
propriate granularity and locality of explanations.
Classical XAI methods were developed for rela-
tively simple input-output mappings, where local
explanations—such as attributing a sentiment clas-
sification to specific words—provides meaningful
insight. In tool-calling systems, however, individ-
ual input tokens often carry limited explanatory
value compared to factors external to the input, in-
cluding retrieved context, tool outputs, execution
results and orchestration choices. As a result, ex-
planations that remain localized to surface inputs
risk being misleading rather than merely incom-
plete, faithfully describing token-level correlations
while omitting the dominant causal influences on
the system’s behavior. At the same time, shift-
ing explanations toward system-level factors raises
new challenges: how far back in an agent’s execu-
tion history an explanation should extend, how to
aggregate explanations across multiple steps and

components, and how to balance fine-grained faith-
fulness against usability and cognitive load. Granu-
larity is further intertwined with controllability, as
overly coarse explanations do not support meaning-
ful intervention, while overly fine-grained traces
may expose levers that users cannot safely or ef-
fectively manipulate. Defining what constitutes a
“local” explanation for an agentic system and how
explanation granularity should adapt to task, user
role, and risk remains an open problem.

System-level characterizations. A central open
challenge for explainability in tool-calling, agent-
based systems concerns system-level characteriza-
tions, corresponding to global explanations of how
a system works overall. Research on user men-
tal models and misconceptions indicates substan-
tial uncertainty about the high-level structure of
complex Al systems, including which components
they contain (e.g., session memory, internet access,
retrieval modules, calculators, symbolic compu-
tation, background reasoning, or filtering mecha-
nisms) and how these components interact. At the
same time, system providers are often weakly in-
centivized to disclose such details, and deployed
systems are fluid: components, capabilities, and or-
chestration strategies change frequently, rendering
static descriptions quickly outdated.

Given the impact that architectural choices can
have on system behavior and performance, accu-
rately characterizing a system at a high level may
contribute more to user understanding than increas-
ingly fine-grained attribution methods applied to
individual inputs. Local explanations—such as input
attributions, calculation traces, or data attribution—
can be difficult to interpret in isolation and often
presuppose a correct understanding of the system’s
overall structure. Without this “big picture,” such
explanations risk being misunderstood or overgen-
eralized, whereas an accurate system-level char-
acterization can already address many observed
behaviors, limitations, and failure modes.

A further challenge lies in determining how
such global characterizations should be constructed.
Prior work on stakeholder needs for Al explana-
tions provides a useful starting point, identifying
recurring global questions such as what logic a
system follows, how reliable its outputs are, and
what data or resources it depends on (Liao et al.,
2020). For tool-calling LL.Ms, this suggests shift-
ing emphasis from exhaustive technical detail to-
ward clarifying those aspects that users most fre-



quently misunderstand. One promising direction
is the development of structured, standardized tem-
plates—analogous to model cards or foundation
model transparency reports—that foreground tool
use, external dependencies, and orchestration logic
as first-class elements of system documentation.
More broadly, these considerations point to the
need for explanations at multiple, clearly distin-
guished levels: general knowledge about how Al
systems work, high-level characterizations of spe-
cific deployed systems, more detailed global de-
scriptions of salient features and behaviors, and
local explanations addressing individual outputs.

Evaluation. Evaluation of explainability in tool-
augmented systems remains underdeveloped, with
existing approaches often narrow in scope, difficult
to standardize, and challenging to compare across
systems and tasks (Anjomshoae et al., 2019; Sado
et al., 2023). A central challenge is that agent be-
havior is deeply entangled with human interaction:
different users, prompts, and dialogue trajectories
can steer an agent toward different tool uses, inter-
mediate steps, and self-explanations, complicating
controlled comparisons and reproducibility. Addi-
tionally, explanations in agentic systems concern
long horizons and multiple components, so their
quality cannot be assessed solely at the level of final
outputs or individual steps. Provenance-oriented
approaches suggest that richer and structured log-
ging of actions, tool invocations, and information
sources can improve auditability and support more
systematic evaluation in such interactive settings
(Kale et al., 2022), but how to evaluate the coher-
ence and faithfulness of explanations across entire
agent workflows remains an open problem.

Growing capabilities. The capabilities of Al
agents are developing at a rapid pace. Recent evi-
dence suggests that the length of software engineer-
ing tasks these agents can autonomously complete
is doubling roughly every seven months (Kwa et al.,
2025)—a trend which, if sustained, would imply
that agents will soon be capable of executing work-
flows that currently require days or weeks of human
effort. This growth reflects several interacting de-
velopments, including increasing model and data
scale, expanding access to external tools and envi-
ronments, and longer task horizons involving many
sequential and interdependent decisions. While
each of these trends raises new challenges for ex-
plainability, long-horizon task execution presents
a particularly acute problem. In such settings, fail-

ures often emerge from the accumulation of many
small decisions—tool selections, parameter choices,
intermediate assumptions—rather than from a sin-
gle identifiable error. As agents become more au-
tonomous and deliver increasingly complete, ready-
to-use outputs, opportunities for human interven-
tion during execution diminish, shifting the burden
toward post-hoc verification and auditing. Explain-
ability methods must therefore operate at appropri-
ate levels of abstraction that allow users to recon-
struct outcomes, detect compounding errors, and
assign responsibility across extended workflows.
Whether existing XAl approaches can scale to these
demands, or whether understanding of increasingly
capable agentic systems will remain largely super-
ficial, remains an open question.

5 Conclusion

In this survey, we argued that the ongoing shift
of LLMs from standalone text generators to tool-
using agents necessitates a rethinking of explain-
able Al In such systems, understanding behav-
ior requires more than explaining why a particu-
lar token was generated: it requires faithful ac-
counts of how models delegate subtasks, orches-
trate tool use, and integrate execution results over
extended interactions. Our review of traditional
explainability methods showed that most existing
approaches were developed for monolithic models
and single-prediction settings, and fall short of cap-
turing multi-step, system-level processes that char-
acterize tool-augmented LLMs. We surveyed work
that addresses these gaps, including approaches tai-
lored to specific forms of tool use such as retrieval-
augmented generation and multimodal pipelines,
methods that expose or explain individual tool calls,
and system-level techniques that trace and audit
provenance across complete agent trajectories.

Despite the potential interpretability benefits
from explicit tool use, significant challenges re-
main. These include determining appropriate lev-
els of explanatory granularity, developing robust
and comparable evaluation practices, and aligning
explanations with users’ mental models of complex
Al systems. Addressing these challenges calls for
explainability approaches that operate at the system
level, supporting faithful inspection of agent behav-
ior across tools, data, and execution steps. Develop-
ing such approaches is a prerequisite for enabling
meaningful oversight and appropriate trust in tool-
using Al systems.



Limitations

This survey focuses on explainability for tool-
calling large language models and agentic Al sys-
tems, and does not aim to provide a comprehensive
overview of explainability research across all Al
domains. As a result, related areas such as explain-
ability for recommender systems, autonomous vehi-
cles, control, or other not language-based systems
are largely out of scope, except where they intersect
with tool-augmented language model architectures.

In addition, our discussion emphasizes concep-
tual distinctions, design patterns, and representative
approaches rather than exhaustive technical com-
parisons of individual methods. While we highlight
strengths and limitations at a high level, the suit-
ability of specific explainability techniques may
depend on application context, system design, and
user requirements in ways that are more nuanced
than can be fully captured within the scope of this
survey.
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