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Abstract
Combining Large Language Models (LLMs) with graph-based retrieval augmented generation (GraphRAG)
in multi-agent Artificial Intelligence (AI) systems promises new levels of process automation, even in highly
restricted and regulated domains such as financial audits. Since trustworthiness is essential, we introduce
an architecture designed with it in mind: Every agent is either inherently explainable or its decision-making
mechanism is rendered transparent through post-hoc Explainable AI techniques. Procedural knowledge, agent
outcomes, and their explanations are represented as nodes in a knowledge graph accessible via GraphRAG, while
LLMs are confined as semantic translators, bridging graph and natural-language representations. However, when
user prompts involve multiple agent subgraphs, their individual agent attribution is still opaque. We introduce
an occlusion-based agent importance metric that quantifies the relative attribution of each serialized agent
subgraph. Our evaluation demonstrates that the quantification of agent importance is feasible, while the presence
of systematic agent interactions or narrative context effects requires further investigation.
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1. Introduction

Auditors routinely engage in tasks that are both domain-knowledge-intensive and highly redundant [1].
A typical scenario involves the extraction of risk indicators from annual audit reports in a specific
industry, followed by a comparison with prior years to inform the auditor’s examination strategy.
Automation of such processes using agentic AI systems is challenging but feasible – and, if successful, can
significantly enhance efficiency in financial auditing [2]. However, the validity of auditors’ assessments
is crucial as any inaccuracies could pose severe risks. Agentic AI systems in auditing must therefore
deliver thorough transparency and interpretability in their decision making. Yet, auditing regulations
also emphasize the indispensable role of human judgment, highlighting the tradeoff between automation
and accountability – particularly where digital processes intersect with professional liability. We aim
to advance trustworthy automation of audits with multi-agent AI systems and graph-based retrieval
augmented generation (GraphRAG) [3, 4, 5]. The procedural sequencing of agents is encoded within a
knowledge graph. Each agent is either intrinsically explainable or combined with Explainable AI (XAI)
techniques such as feature importance values [6]. By integrating knowledge graph representations of
agent behaviors and outcomes with XAI methods and Large Language Models (LLMs) [4], we enable
interaction through natural language, aiming to ensure trust in agent outcomes.

Related Work. While LLMs have been used for several downstream tasks such as text generation [7],
prediction [8], explanatory model finetuning [9], or explainable exploration of event data [10, 11]
the complementary conjunction of LLMs and knowledge graphs under the scope of transparency has
recently received greater attention [4]. Currently, LLMs are frequently discussed in relation to agentic
AI systems [12]. Knowledge graphs have traditionally been leveraged for explainability [13]. The short
history of graph representations for LLMs [14] has now transitioned into XAI applications [15].
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The company explanation highlights a strong 
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retrieval generation quantification

Agent 1 is primarily responsible for the 
explanation, whereas […].
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Figure 1: Agent importance. Problem statement (left) and proposed solution (right). With GraphRAG in a
multi-agent AI system, the information origin becomes intractable. Our method occludes parts of the context
retrieved from a knowledge graph. Each part corresponds to an agent. We assess the relevance of each agent by
comparing the semantic similarity of each verbalization with occluded context to its baseline.

Problem. Despite the decision-making mechanism behind each agent has become tractable by XAI
techniques, the LLM result does not disclose the attribution of agents to the verbalization (Figure 1, left).
Consequently, an auditor in our running example might still be confronted with over- or under-amplified
risks, undermining the organization of the entire examination strategy.

Solution. We quantify agent importance in three steps (Figure 1, right): (i) We extract the relevant
subgraph sequence from the knowledge graph. (ii) Then, we generate verbalizations: a baseline
representing the entire subgraph sequence and separate variants for each subgraph occlusion. (iii) Finally,
we quantify the agent importance by semantic similarity metrics. The application of our approach
enables auditors to understand the origin of information and evidence in multi-agent system outcomes.

Contributions. Our core contributions are twofold: First, we present a multi-agent GraphRAG
architecture in a case study using open-source finance data sets that mimic the dynamics of annual
audits (Section 2). Second, we formalize the proposed agent importance approach (Section 3).

Research Questions. We pose two research questions: (R1) Does agent importance eligibly quantify
the attribution of agent contexts retrieved from knowledge graphs to LLM verbalizations? And, (R2)
does agent importance account for biases in the narrative task specification? The research questions
are preliminary evaluated by an ablation study (Section 4).

2. Case Study

To address the domain-specific requirements of financial auditing without disclosing proprietary infor-
mation, we validate our architecture in a controlled scenario using open-source datasets1: Specifically,
we model the influence of macroeconomic indicators on the relative annual return of individual company
stocks and the average annual return of stocks within the same industry sector. The primary goal in
this setting is to compare the explanatory factors for the company prediction with the reasons driving
the sector prediction. We employ labeled property graphs for knowledge representations2.

The agents graph (Figure 2, left) encodes the procedural task knowledge and is responsible for the
task execution. Among multiple properties, agents have an API address and Pydantic models for input
and output validation3. Natural language queries are converted to an input model and trigger API
execution. The outcome of which is verified using the output model. We distinguish between two
types of agents (Figure 3): static agents, which rely on deterministic computations (write) or classical
probabilistic methods (predict_company, predict_sector), and LLM agents, which generate natural
language responses (compare). Figure 3 depicts their functionality in detail.

1The following data sets are merged wrt. the date and the company symbol: economic indicators: https://www.kaggle.
com/datasets/alfredkondoro/u-s-economic-indicators-1974-2024?select=cpi_data.csv, stock prices: https://www.kaggle.com/
datasets/camnugent/sandp500?select=all_stocks_5yr.csv, stock information: https://www.kaggle.com/datasets/paytonfisher/
sp-500-companies-with-financial-information?select=financials.csv, all 6th June 2025.

2https://memgraph.com/, 6th June 2025.
3https://docs.pydantic.dev/latest/, 6th June 2025.
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Figure 2: Knowledge graph. Labels and relations of the results (right) and the agent (left) knowledge graph.
Properties are included for the latter.
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{'cypher': 'CREATE (c:Company […]\n CREATE (s_c)-[:Has]->(sr_c)\n   CREATE 
(se_c)-[:Causes]->(sr_c);'}

Relation types:

DependsOn Next

You are an English-speaking AI assistant. Your task is to relate the yearly 

relative return of a company to its sector's results. Use only the provided 

information. Keep it short. The user provides the following information: year: 

<year in which relative return is estimated>,  company: <name of company>,  

sector: <name of sector> […]. You return only your assessment as a string: 

<your interpretation>. system prompt

{'year': 2016, 'company': 'c', 'sector': 's', 'company_model_results': 
{'prediction': 0.11313785229345612, 'explanation': 'cpiaucsl: 0.078952, 
Financial: 0.087467, unrate: 0.207796, gdp: 0.21992’}, 
'sector_model_results': {'prediction': 0.11781978822371886, 'explanation': 
'gdp: 0.196698, cpiaucsl: 0.253095, unrate: 0.550207’}} user prompt

In 2016, c is predicted to have a relative return of approximately 11.31%, while 

the s sector is expected to see […]. output

static agents

LLM agents

Figure 3: Agents. Detailed description with an exemplary output of agent nodes conditioned on static models
(static agents, left) and a verbalizing agent node (LLM agents, right). System and user prompts are included for
the latter. The DependsOn (violet) and Next (orange) relations illustrate their dependencies.

The results graph (Figure 2, right) contains nodes generated with Cypher queries [5] yield by the
write method. It encodes domain knowledge in the sense that it models dependencies between the
feature and the target spaces and facilitates agent explainability.

We combine LLMs4 and knowledge graphs as follows: Each natural language prompt is mapped
to a predefined Cypher query, which either triggers agents or retrieves subgraphs. Novel queries are
generated for out-of-distribution requests. The obtained subgraphs serve as additional context for the
initial prompt such that the generated verbalization contains only graph-encoded information.

In proposing an XAI method for multi-agent systems integrated with GraphRAG, we aim to address
a core contradiction, which we term the explanation paradox: All agents in our architecture are either
intrinsically explainable or accompanied by XAI techniques. Via GraphRAG, a LLM exclusively accesses
this precomputed information. Still, recipients of a LLM verbalization are not yet aware of which agent
contributed to the answer. In particular, when prompting a LLM to combine explanations, the user
cannot comprehend the relevance of each incorporated agent. The agent importance method proposed
in the next section is designed to resolve this paradox.

3. Methods

Agent importance quantifies the influence of a serialized subgraph of an agent on the generated LLM
verbalization for a given task in a GraphRAG scenario. The agent importance approach approximates
feature attributions inspired by Shapley Additive Explanations (SHAP) [16]. It systematically occludes
serialized subgraphs within a GraphRAG multi-agent system, assuming a fixed verbalization task. Given
a task, we retrieve and serialize the subgraphs of all addressed agents to generate a baseline verbalization.
Next, we occlude one subgraph at a time and regenerate verbalizations. The intuitive idea is: The

4https://platform.openai.com/docs/models/gpt-4o-mini, 28th May 2025.
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more similar the occluded output is to the baseline, the less the agent contributes to the verbalization.
Attribution values are estimated by semantic similarity [17]. We compute the cosine similarity between
the embeddings of the occluded and baseline verbalizations; agent importance is defined as the inverse
of the calculated similarity.

Definition. Let 𝑠𝑖 be a subgraph serialization of a knowledge graph, 𝑔 = (𝑠1, . . . , 𝑠𝑖, . . . , 𝑠𝑛) ∈ 𝐺 be
an ordered sequence of serialized subgraphs, 𝑝 ∈ 𝑃 and 𝑣 ∈ 𝑉 denote prompts and verbalizations, and
𝑓 : 𝑃 ×𝐺 → 𝑉 be a LLM5, generating a verbalization given a prompt and a subgraph sequence. Let
ℎ : 𝐺×𝐺 → R represent the cosine distance between subgraph sequence embeddings6. Let

𝑔∖𝑠𝑖 := (𝑠1, . . . , 𝑠𝑖−1, 𝜖, 𝑠𝑖+1, . . . , 𝑠𝑛) with |𝜖| = 0

denote the occlusion of 𝑠𝑖 in 𝑔 – practically, a substitution of 𝑠𝑖 with an empty sequence 𝜖. Finally, let
𝜑𝑓,𝑝(𝑔) := 𝜑𝑓,𝑝(𝑔, 𝑔

∖𝑠𝑖) for all 𝑖 ∈ (1, . . . , 𝑛) with 𝜑𝑓,𝑝(𝑔, 𝑔
∖𝑠𝑖) = 1− ℎ(𝑔, 𝑔∖𝑠𝑖)

measure the attribution of each subgraph in the subgraph sequence given a model 𝑓 and prompt 𝑝. We
assume that subgraph serializations are agent outcomes and thus can be mapped to their origin.
Example. Suppose an AI literature search uses three agents: one for researchers, one for publications,
and one for scientific areas, with results encoded as a knowledge graph, serialized as 𝑔 = (𝑠1, 𝑠2, 𝑠3).

subgraph label node

𝑠1 :Researcher ’Ina Marie’
𝑠2 :Publication ’XAI in Multi-Agent Systems for Audit: Why Our Method is Important’
𝑠3 :Area ’Financial Audits’

Suppose the following user prompt for a GraphRAG system, which accesses the (sequence of) subgraph
serializations: 𝑝 =’Summarize the publications of Ina Marie in the field of financial audits’.

context 𝑣 𝜑𝑓,𝑝(𝑔, 𝑔
∖𝑠𝑖)

𝑔 ’Ina Marie has published several influential works, including XAI in Multi-Agent Systems for
Audit: Why Our Method is Important, which highlights the importance of explainable AI in
enhancing the efficiency and effectiveness of financial audits.’

0.0

𝑔∖𝑠1 ’The publication XAI in Multi-Agent Systems for Audit: Why Our Method is Important explores
the role of explainable AI in improving the accuracy and efficiency of financial audits.’

0.0482

𝑔∖𝑠2 ’Ina Marie has made significant contributions to the field of financial audits through her
research on innovative approaches to auditing practices.’

0.3984

𝑔∖𝑠3 ’Ina Marie’s work focuses on the applications of explainable AI in the auditing process.’ 0.2288

The publication node subgraph frames the most important context for the verbalization.
The original SHAP framework is characterized by theoretical properties – local accuracy, faithfulness,

missingness, and consistency – which have been formally established over the course of its develop-
ment [18, 16, 19]. Furthermore, its computational feasibility has been systematically analyzed [20].
Despite proposing our method in a mathematically sound style, we leave a formal assessment for
future work, yet highlight the importance of which. In contrast, the experiments of the subsequent
section provide quantitative evidence through an ablation study that evaluates the importance of agent
subgraph serializations in diverse tasks.

4. Experiments

Suppose two single-agent – explanation interpretations – and three multi-agent tasks – explanation
comparisons, either with or without narrative biases – in the domain of Section 2. We select the 100
companies with the highest relative return in 2016 and retrieve the subgraphs for the company and the
corresponding sector explanation. We exploit the following evaluation strategy (Figure 4): (i) obtain
occluded and baseline verbalizations, and (ii) estimate the agent importance (Definition 3).
5https://platform.openai.com/docs/models/gpt-4o-mini, 28th May 2025.
6https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2, 04th June 2025.
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MATCH (c:Company)-[:Has]->(rr:RelativeReturn)

RETURN c.symbol AS company_symbol

ORDER BY rr.year_2016 DESC

LIMIT 100;

symbols = [

  "AMD", "NVDA", […]

]
company query

company list

Compare the company explanation with the sector explanation. 

Context: <subgraph> user prompt – task 1

Focus on the company explanation: Explain it. Afterwards, put 

it into relation to the sector explanation. Context: <subgraph>
user prompt – task 2

Focus on the sector explanation: Explain it. Afterwards, put it 

into relation to the company explanation. Context: <subgraph>
user prompt – task 3

Interpret the company explanation. Context: <subgraph>
user prompt – task 4

multi-agent tasks

Interpret the sector explanation. Context: <subgraph>
user prompt – task 5

single-agent tasks

+

MATCH (c:Company {{symbol: '{}'}})-[:Has]->(crr:RelativeReturn)<-[:Causes]-(ce:Explanation)

MATCH (c)-[:IsPartOf]->(s:Sector)-[:Has]->(srr:RelativeReturn)<-[:Causes]-(se:Explanation)

RETURN 

ce.feature_importance AS company_explanation,

se.feature_importance AS sector_explanation; context query

1)     task (occluded) context verbalization

2)     agent importance: verbalization (baseline) verbalization (occlusion)

evaluation steps

Figure 4: Experimental setup. For each of the five experimental (single- and multi-agent) tasks and for each of
the 100 companies obtained from the results graph (company query), obtain subgraphs containing an explanation
for the company and the sector prediction (context query). Then, execute two steps: 1) Obtain verbalizations for
the entire context and possible occlusions. 2) Estimate the agents’ importance values by semantic comparison.
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Figure 5: Results. Comparison of the impact of agent context occlusion on agent importance values for multi-
agent (left, tasks 1-3) and single-agent (right, tasks 4 and 5) tasks. Each subplot contains boxplots that estimate
importance values by occlusion of one or all agent contexts in relation to the baseline (none).

Figure 5 presents one subplot per task, with each containing a boxplot corresponding to an agent
importance evaluation. Three observations can be drawn from the results: (i) Occluding agents presumed
to be relevant increases their attribution scores. (ii) Narrative task context effects are only partially
reflected, as the sector-level agent generally receives lower attribution. (iii) In multi-agent configurations,
the ablation study (the additional occlusion of none or all subgraphs) demonstrates that agent importance
scores are not strictly additive.

Within a narrow experimental scope, the research questions can be answered as follows: (R1) Agent
importance eligibly quantifies the attribution of agent contexts retrieved from knowledge graphs.
Context effects undermine desirable mathematical properties such as additivity. (R2) Agent importance
tends to account for biases in the task specification. The experiments reveal narrative specificities of
the domain such as an elevated importance of the term company compared to the term sector.



5. Discussion
The integration of structured knowledge, XAI, and LLMs enables the automation of redundant tasks even
in domains requiring substantial domain expertise, such as financial auditing. The use of multi-agent
systems in combination with GraphRAG offers a promising architecture – provided that each agent
discloses its decision making. Determining the extent to which a LLM relies on the outputs of individual
agents remains intractable. This challenge is encapsulated in what we term the explanation paradox:
Even if every system component is individually explainable, the attribution of each component remains
opaque. The agent importance method addresses this gap. It estimates the relative contribution of each
agent by computing the inverse of the semantic similarity between the LLM’s baseline verbalization
and the verbalization generated after occluding the respective agent.

Main Findings. Three findings emerge from our contribution: (i) Quantifying agent importance
addresses a critical gap on the way towards trustworthy multi-agent systems in high-stake domains; yet
is feasible as evidenced by our preliminary results. (ii) While our method is mathematically grounded, it
remains theoretically incomplete. Assumptions derived from supervised learning models, e.g., the ones
from SHAP [16], are not seamlessly transferable to generative models. (iii) Our findings hint at two key
challenges: (a) Narrative context effects introduced by task prompts may bias the relevance estimates.
And, (b) correlations between agent subgraphs might confound the measured importance values.

Related Results. Our main findings can be situated into an area of methods, which aims to overcome
semantic limitations [21] or hallucinations [22] in LLMs. What has started as a systematic combination
of supplementary information with LLMs [23], has transitioned into a structured representation of
domain knowledge with researchers questioning their attribution [15]. Attribution methods have a
rich tradition in XAI [6], of which some of them obtain their importance estimate by occlusion [16].
Closely related to our approach are [24], [25], and [26], who study the alignment of multiple information
sources in traditional LLM settings and classic or graph-enhanced RAG architectures, respectively.

Limitations. Four major limitations can be identified in our work: (i) Domain: In general, our
approach is domain-agnostic. However, although it is motivated by the audit domain, we abstract
the case study to the broader finance domain. Due to domain specificities, our method may not fully
generalize to the intended context. (ii) Applicability: The motivating example centers on the aggregation
of agent explanations. While we emphasize that agent importance is applicable to any task prompt in a
multi-agent system employing GraphRAG, our experiments are limited to explanation interpretations
or comparisons. (iii) Experiments: The experimental design is sparse, and the presented results are
preliminary. More comprehensive empirical validation and a baseline comparison are necessary to
draw robust conclusions. (iv) Theoretical contradictions: The findings expose unresolved theoretical
challenges, e.g., the impact of prompt phrasing, contextual influence in natural language, and correlations
among subgraphs. Also, in contrast to many predictive models, LLM outcomes are not deterministic.

Future Work. First, we will enhance agent execution from natural language prompts by enabling the
parallelization of multiple agent calls. Second, we aim to improve and publicly release a user interface
to facilitate more intuitive and accessible interactions with the system. With respect to the proposed
attribution method, we will formally derive and prove desirable attribution properties within the context
of generative AI systems. Lastly, we will extend our experimental evaluation by defining a range of
diverse tasks across various multi-agent data sets and comparing attribution results across LLMs.
Reproducibility Statement. We used open-source data and provided each model, its corresponding instruction, and graph
query. An extended evaluation is in progress, and we plan to publish the code in the future.
Ethical Considerations. There are no specific ethical concerns to declare. Our overarching goal is to develop trustworthy
multi-agent systems. We believe transparency in the decision-making process is essential.
Declaration on Generative AI. During the preparation of this work, we used gpt-4o and Grammarly for spell-checking
and grammar correction, and gpt-4o-mini for experimental purposes7.

Acknowledgments. This article is part of the project BayVFP Data Tales (# DIK-2407-00007 // DIK0660/01).

7gpt-4o: https://platform.openai.com/docs/models/gpt-4o, Grammarly: https://www.grammarly.com/, gpt-4o-mini: https:
//platform.openai.com/docs/models/gpt-4o-mini, all 28th May 2025.
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