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Abstract

As microservice architectures become increasingly complex
and system events become more frequent, Root Cause Analy-
sis (RCA) has emerged as a critical task to ensure system reli-
ability. However, existing deep learning-based methods often
struggle with limited flexibility and a lack of interpretabil-
ity when addressing complex system failures. Recent ef-
forts to integrate large language models (LLMs) have shown
promise in enhancing diagnostic transparency and reasoning
capability. However, expansive search spaces, intricate work-
flows, and entangled constraints constrain practical adoption.
We propose RCAFlow, a multi-agent framework that inte-
grates structured workflow knowledge with hierarchical plan-
ning to address these challenges. RCAFlow transforms semi-
structured documents into behavior tree-style workflows to
support interpretable plan generation, employs a Git-inspired
branching mechanism for modular and hierarchical task exe-
cution with path isolation, and leverages state-aware task ex-
ecution with semantic analysis to improve result understand-
ing and feedback. We evaluate RCAFlow on three benchmark
datasets provided by OpenRCA. Experimental results demon-
strate that RCAFlow consistently outperforms existing meth-
ods across all datasets. Further ablation studies confirm the
effectiveness of each core module, highlighting the reliabil-
ity, extensibility, and interpretability of RCAFlow to support
complex RCA tasks within intelligent IT operations.

Introduction

During the past decade, with the rapid development of cloud
computing, more enterprises have migrated from mono-
lithic architectures to large-scale cloud service platforms to
achieve greater scalability, agility, and reliability. Despite
the growing maturity of cloud ecosystems, operations still
frequently encounter system events such as outages, per-
formance degradation, and repeated alarms. These incidents
impact service availability and user experience, resulting in
financial losses. Cloud platforms have widely adopted mon-
itoring and alerting systems to ensure service stability, en-
abling real-time health monitoring and rapid response. How-
ever, the surge in event volume imposes growing diagnos-
tic pressure on engineers. In microservice architectures, the
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complex inter-service dependencies make Root Cause Anal-
ysis (RCA) the most critical and challenging part of the inci-
dent response process. (Nguyen et al. 2013; Aggarwal et al.
2020; Sun et al. 2024; Xie et al. 2024a).

To effectively address system events, researchers have
proposed various learning-based methods to mitigate the
complexity of manual diagnosis. These approaches typically
employ deep learning to extract diagnostic patterns from his-
torical failure data and utilize techniques such as causal dis-
covery (Lin, Chen, and Zheng 2018; Pham, Ha, and Zhang
2024), graph neural networks (Yen et al. 2022; Wang et al.
2023) and fault localization (Xu et al. 2022; Han et al. 2025)
to improve modeling of causal chains in complex systems.
However, they often rely on predefined workflows, causal
graphs, static fault-symptom models, or fixed associations
learned from data, resulting in one-off analyses with limited
adaptability to evolving system or novel failure scenarios.

In recent years, with the development of LLMs, re-
searchers are incorporating them into RCA as intelligent
agents (Ahmed et al. 2023a; Wang et al. 2024; Xu et al.
2025). Leveraging their strong language understanding ca-
pabilities, LLMs can generate traceable paths, improving
transparency and reliability of analysis process. To further
enhance their capacity to handle large numbers of APIs
and complex data, such as service dependencies and per-
formance metrics, some studies have introduced multi-agent
systems (Zhang et al. 2024a). In contrast, others leverage
semantic retrieval to incorporate historical incidents, trou-
bleshooting guides (TSGs) (Jiang et al. 2020; Ghosh et al.
2022), or standard operating procedures (SOPs) as domain
knowledge for LLMs (Pei et al. 2025; Goel et al. 2025).
However, these methods rely on static flows, where agents
follow predefined action sequences without adapting to in-
termediate feedback. Integrating structured knowledge guid-
ance with autonomous planning capabilities may signifi-
cantly improve the system’s flexibility and scalability.

Moreover, in RCA tasks, existing methods (Ahmed et al.
2023a; Wang et al. 2024) often adopt ReAct-style (Yao
et al. 2023) paradigms, where tool invocations and their out-
puts are directly embedded into the reasoning chain. While
effective in simple contexts, this strategy tends to intro-
duce low-level noise when applied to complex systems and
multi-stage diagnostic workflows, thereby interfering with
identifying and modeling critical causal paths (Kim et al.



2025). Since RCA typically involves synthesizing multiple
anomaly signals, the reasoning process is susceptible to the
accuracy of each anomaly detection step. This undermines
the model’s ability to capture the global causal structure
and makes it difficult to track the completion of interme-
diate tasks, often leading to logical inconsistencies during
multi-turn interactions. Introducing finer-grained task man-
agement mechanisms can significantly improve the quality
and consistency of RCA decision-making.

To address these limitations, we propose RCAFlow, a
novel Multi-Agent framework that, to our knowledge, is the
first to integrate workflow structures and hierarchical plan-
ning into LLM-based RCA systems. RCAFlow combines
the general reasoning capabilities of LLMs with the domain
knowledge encoded in structured workflows, enabling hier-
archical task planning and task management. This design
aims to mitigate hallucination and instability in complex rea-
soning, while enhancing the robustness and interpretability
of the RCA decision process.

Specifically, we transform structured knowledge such as
Troubleshooting Guides (TSGs) and Standard Operating
Procedures (SOPs) into three types of workflow to construct
a knowledge base that supports task planning. The hierar-
chical planning process is jointly driven by Planner and
the Workflow Knowledge Base (WKB), and is organized
and controlled through a Git-inspired branch management
mechanism. Brancher creates and merges branches, while
Coordinator manages global task scheduling. Based on the
output of Planner, tasks are either delegated to the next-
level branch or directly executed by Executor following the
planned steps. Upon execution, the system can perceive the
current status of the branch task, enabling dynamic adjust-
ment of reasoning paths and strategy refinement. In addition,
the system records the complete reasoning trajectory and ex-
ecution results in the current branch’s workspace, enabling
data access and process traceability for other branches.

Our contributions can be summarized as follows:

1. We propose RCAFlow, a multi-agent framework that
integrates structured knowledge guidance, hierarchical task
planning, modular execution, and self-reflection and is tai-
lored for RCA in complex, heterogeneous cloud systems.

2. We construct a structured workflow knowledge base by
converting troubleshooting documents into behavior-tree-
style processes enriched with control logic and tool meta-
data, significantly improving the stability and interpretabil-
ity of LLM reasoning.

3. We design a Git-inspired branching mechanism and hi-
erarchical coordination to decouple reasoning paths, support
modular execution, and enable state-aware, dynamically ad-
justable reasoning.

4. RCAFlow achieves state-of-the-art performance on the
challenging OpenRCA benchmark, demonstrating its effec-
tiveness in complex root cause analysis.

Related Works

LLM-Based Root Cause Analysis Agents

The development of LLMs has enabled agents to invoke
tools and perform RCA tasks in complex environments au-
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tonomously (Ahmed et al. 2023b; Chen et al. 2024; Roy
et al. 2024; Wang et al. 2024). To address the complexity of
multi-modal data, some studies have introduced multi-agent
systems that collaborate to extract information and perform
reasoning, advancing the automation of RCA. For example,
mABC (Zhang et al. 2024a) adopts multi-agent blockchain-
inspired collaboration, while AgentFM (Zhang et al. 2025)
models systems and task roles, with a meta-agent coordinat-
ing multiple sub-agents. Although multi-agent approaches
enhance collaborative processing, they still face challenges
such as large search spaces, low tool selection efficiency, and
limited adaptability when dealing with heterogeneous APIs
and complex contexts. To mitigate these challenges, another
line of work introduces knowledge-guided methods: Flow-
of-Action (Pei et al. 2025) constrains agent behavior using
SOPs; ICL RCA (Zhang et al. 2024b) and eARCO (Goel
et al. 2025) build knowledge bases from unstructured TSGs
and historical incidents to provide contextual cues and ac-
tion suggestions; and Atlas (Xie et al. 2024b) constructs
causal graphs from system documentation. RCA tasks are
highly procedural and enriched with expert knowledge, al-
lowing agents to adapt efficiently under knowledge guid-
ance without requiring full autonomous exploration. How-
ever, existing methods rely on static workflows and cannot
dynamically adjust or generate feedback-based strategies.
To address this, RCAFlow proposes a hierarchical and de-
coupled planning framework that integrates a behavior-tree-
style workflow knowledge base and a coordination mecha-
nism, enabling strategy adjustment and thus demonstrating
stronger adaptability in complex systems.

Hierarchical Planning with LLMs

In recent years, increasing attention has been paid to ap-
plying LLMs to hierarchical task planning for complex
long-term tasks. These methods typically adopt a two-
level architecture—high-level planning and low-level execu-
tion—recursively decomposing tasks into executable atomic
actions for efficient completion (Sun et al. 2023; Prasad et al.
2024). This paradigm has been widely applied across vari-
ous domains, such as web automation with Rada (Kim et al.
2024) and long-form text generation with the HRP system
(Xiong et al. 2025).

RCAFlow introduces a hierarchical planning mechanism
to enhance the system’s structured reasoning and decision-
making capability in complex tasks. The system adopts a
Git-inspired branch-based task management mechanism to
manage multi-level reasoning processes efficiently, support-
ing task isolation, modular scheduling, and cross-branch
information sharing. Given that multi-modal anomaly de-
tection results in RCA tasks can all impact the final root
cause localization, and most subtasks lack clear completion
boundaries—making it difficult to determine whether they
are sufficiently completed—each subtask must be analyzed
as precisely as possible to avoid incomplete reasoning af-
fecting overall diagnostic accuracy. To address this, the sys-
tem enables subtasks to dynamically perceive task status and
adjust reasoning paths based on real-time feedback, improv-
ing adaptability in complex scenarios.
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Figure 1: Overview of the RCAFlow Framework.
Method

Problem Formulation

Formally, given a complex RCA task 7 and an external en-
vironment £, our goal is to build a system .A that generates
the final root cause explanation along with its corresponding
reasoning trajectory. A multi-agent system is a tuple

4= (A,K,0, M,W), (1)

where A is the multi-agent system, K is the structured
knowledge base, O is the input-output interface that pro-
vides access to multimodal information from the environ-
ment £ (e.g., logs, metrics, and trace data), as well as
the input task 7, M is the internal memory module for
storing intermediate reasoning states and knowledge, and
W is the workspace that maintains the execution trajecto-
ries of branches. Upon receiving the task 7, the system
may decompose it into a set of subtasks {71, 72,...,Tn},
and incrementally construct a reasoning trajectory R =
{r1,r2,...,7rx} with the support of  and O, ultimately
producing a complete and interpretable RCA result.

Overview of the RCAFlow Framework

In this section, we introduce the RCAFlow framework, as
depicted in Figure 1, which consists mainly of three mod-
ules: (1) Workflow-Informed Task Planning: This mod-
ule leverages structured workflows to guide the generation
of interpretable hierarchical reasoning plans; (2) Branch-
Enhanced Hierarchical Coordinator: Designed for proce-

302

dural control, this module incorporates Git-inspired branch-
ing mechanisms to enable hierarchical management and
flexible scheduling of tasks and (3) State-Aware Task Ex-
ecution: This module can generate or invoke existing tools
for data processing and analysis, with the additional ability
to assess the execution state and task completion status.

Workflow-Informed Task Planning

In RCA tasks, agents must rapidly identify issues within
highly dynamic and heterogeneous failure signals. Relying
on scattered tools or heuristic rules often leads to a search
space explosion and unstable decision paths. To address this,
we construct a structured Workflow Knowledge Base K that
encodes operation processes, rules, and tools in an explicit
format to guide LLM agents during reasoning.

Structured Workflow Definition The K in this work is
structured into three components (Xiao et al. 2024):
Operation process related: This component describes
the necessary steps and their execution order for task com-
pletion. Given the RCA tasks’ inherent complexity and un-
certainty, we adopt the Behavior Tree (Colledanchise and
Ogren 2018) paradigm as the organizational framework for
process control logic. BTs are well-suited for diagnostic sce-
narios involving incomplete information and multiple coex-
isting paths. They overcome the limitations of traditional lin-
ear if-else structures in terms of expressiveness and scalabil-
ity, while also supporting real-time monitoring of runtime
states. Specifically, we utilize the following three types of



control nodes to orchestrate task execution hierarchically:

Sequence: Executes all child nodes sequentially; succeeds
only if all succeed. Suitable for strongly dependent task
chains.

Selector: Attempts child nodes in order; succeeds if any
one succeeds. Suitable for multi-strategy exploration.

Farallel: Executes child nodes concurrently; completion
is determined by an aggregation condition. Suitable for
multi-source data fusion.

Condition/rule related: Define explicit preconditions
and exception handling mechanisms for each workflow node
to standardize valid state transitions.

Tool/data related: Encapsulate atomic operational capa-
bilities as callable nodes with standardized APIs and data
dependencies, enabling a decoupled design between reason-
ing logic and low-level execution.

Through the above definitions, the structured workflow
can be represented as a tuple X = (K,, K, KCy), system-
atically organizing previously fragmented knowledge into a
knowledge base that supports the modeling of task execution
logic, the specification of rules mechanisms, and the encap-
sulation and orchestration of execution capabilities.

Automated Workflow Generation RCA knowledge typ-
ically originates from semi-structured documents such as
TSGs and SOPs. These documents encode domain knowl-
edge but are difficult to retrieve due to their loose structure.
RCAFlow incorporates LLMs to transform such documents
into structured workflows to address this automatically.

Our system leverages LLMs to automatically extract key
task elements, control logic, and tool metadata from fault
diagnosis rules, organizing them into JSON-based workflow
graphs that conform to a predefined schema. The RCA pro-
cess is modeled as a hierarchical and composable struc-
ture, where each node represents either a tool or a nested
sub-workflow, enabling modularity, reusability, and effi-
cient updates when rules evolve. The system further ex-
tracts node-level preconditions, execution rules, and depen-
dencies, and performs semantic validation to ensure logi-
cal consistency and executability. It also supports automatic
generation of names and descriptions for undocumented
tools based on context, enabling dynamic code generation
within RCAFlow and contributing to a high-quality, search-
able knowledge base.

Reasoning Plan Generation Given the current subtask
Ti, Planner in RCAFlow generates an executable and in-
terpretable plan trajectory 7; = {s%,s%, ..., s% } by leverag-
ing the current context and the structured workflow knowl-
edge base W,. This process relies on a semantic relevance
retrieval mechanism: the system queries the structured tem-
plate library based on module P, and P4, computes
embedding similarities, and ranks candidate templates to re-
trieve the most relevant process template Py, in C,, for 7;,
and constructs the behavior tree-style plan 7;. Each step
s; € m; is derived from a corresponding step in the re-
trieved process, which the Planner further completes and
adapts based on 7;, forming the atomic unit for downstream
sub-task modeling and execution. Formally,

@

8% = Planner(Kp, s, W;)
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where W; is the current workspace. Suppose the relevance
scores of all candidate modules fall below a predefined
threshold 7. In that case, the system falls back to a curated
set of high-quality templates P,, and augments it with the
top k matches P, from K, as contextual prompts to guide
the LLM in the generation of a plan. The final plan gener-
ated by Planner is handed over to Coordinator for schedul-
ing and execution.

Branch-Enhanced Hierarchical Coordinator

This section introduces the hierarchical coordination mech-
anism in RCAFlow for multi-branch reasoning. The sys-
tem adopts a Git-inspired branch management strategy to
achieve path decoupling and execution isolation. Coordina-
tor is responsible for dynamically scheduling tasks and ag-
gregating results, ensuring efficient inter-agent communica-
tion while preserving the hierarchical architecture’s scalabil-
ity and modularity advantages.

Git-Inspired Branch Manager To support state man-
agement and trajectory tracking in multi-branch reasoning,
RCAFlow draws inspiration from Git by introducing Git-
like abstractions of Workspace and Branch. For each sub-
task 7;, the system creates an independent branch B;, rep-
resenting an isolated reasoning path. Inspired by Git’s file
system—oriented storage model, each branch maintains its
execution record W;, the reasoning steps m; generated by
the Planner, and relevant metadata (e.g., timestamps, par-
ent branch identifiers). A fully decoupled file-level mech-
anism allows branches to proceed independently, avoiding
state pollution and context interference.

The lifecycle of each branch is centrally managed by a
global stack structure maintained throughout the RCAFlow
reasoning process. The currently active branch always re-
sides at the top of the stack. When creating a new branch,
Brancher module automatically pushes it onto the stack
and switches the execution context. During the merging
phase, the system pops the current branch from the stack.
The Coordinator aggregates the execution results of B; into
the workspace of its parent branch W, ;), ensuring that
the memory footprint of the main reasoning path remains
bounded. Brancher then merges the completed branch into
the main reasoning path. This mechanism ensures the con-
sistency of the main branch state and supports atomic-level
multi-branch rollback and data access, enhancing the repro-
ducibility and isolation of reasoning trajectories.

Adaptive Hierarchical Coordinator To decouple reason-
ing planning from execution and efficiently coordinate hier-
archical workflows, RCAFlow introduces the core schedul-
ing module, Adaptive Hierarchical Coordinator. This mod-
ule not only accurately dispatches reasoning steps generated
by Planner to Executor for tool invocation, but also supports
key capabilities such as branch switching, state alignment,
and dynamic trajectory adjustment.

Coordinator incrementally parses the plan trajectory 7
generated by Planner, evaluates the execution complexity of
each step s;, and coordinates its assignment to the appropri-
ate next agent A; for execution. If a step matches an existing
process template, it is handed over to Brancher to create a



new child branch B, ;) for a new task 7. ;). Otherwise, the
system evaluates the implementation difficulty of the step to
decide whether a new branch should still be created. Coordi-
nator then invokes Brancher to construct a new subtask and
suspends the current branch while awaiting its response. For
steps that do not require further decomposition, the system
directly assigns the appropriate tool for execution. Once all
tasks within a branch are completed, or when a selector step
finishes execution, the system assigns a confidence score ¢
and compares it against a threshold 6. If ¢ < 6, the current
information cannot complete the task. In such cases, Coor-
dinator re-invokes Planner to insert supplementary steps or
replan the current execution trajectory:

A; = Coordinator(K,, s;, Wi, T;) )

As reasoning progresses, once 3; completes its intermedi-
ate goals, Coordinator summarizes and aggregates the exe-
cution results and invokes Brancher to merge them back into
the parent branch. This ensures state consistency and global
memory alignment, prevents low-level noise from disrupting
high-level reasoning, and facilitates cross-level knowledge
transfer. Furthermore, upon completing task 7, the system
performs reflective analysis based on the execution outcome.
In the case of failure, it conducts a post-hoc examination
of both the result and the reasoning trajectory. It archives
the extracted insights into the memory M,., as a knowledge
substrate for subsequent RCA processes and strategy refine-
ment.

State-Aware Task Execution

This section introduces a state-aware task execution mech-
anism that improves RCAFlow’s capability to handle large-
scale multi-modal fault data via a collaborative framework
with external tools. A State-Aware Analyzer conducts a
multi-dimensional evaluation of tool outputs, ensuring pre-
cise and controllable context for reasoning, enabling task
completion assessment, path refinement, and dynamic de-
cision updates.

Dynamic Task Execution The effectiveness of LLMs in
RCA tasks depends not only on their reasoning and plan-
ning capabilities but also on their ability to handle large-
scale, multi-modal data. In real-world scenarios such as the
anomaly detection tasks in OpenRCA, the combined volume
of logs, metrics, and traces can exceed 68GB, far beyond the
context limits of current mainstream LLMs. Therefore, rely-
ing on LLMs to parse and reason over raw anomaly data is
impractical and unstable.

To this end, RCAFlow is designed to orchestrate exter-
nal analytical tools for dynamic data processing. The system
first leverages the Coordinator to retrieve appropriate analyt-
ical tools KC; based on the current reasoning plan S and task
objective T'. The system invokes LLM to automatically gen-
erate executable analytical code if the required tool is not in
the predefined toolset. The Executor then executes this code
in an isolated Python environment to perform data analysis
and anomaly detection.

i _ i i
aj = Executor(Ky sj, Wj),

“
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where aj-denotes the action taken at step j of branch i, en-
hancing the system’s flexibility and adaptability.

State-Aware Analyzer RCA is a multi-round, progressive
reasoning process that relies on repeated tool invocations
based on intermediate results, making it challenging to com-
plete in a single step. Since anomaly data rarely provides ex-
plicit signals of whether the root cause has been identified,
the system must iteratively integrate information and con-
struct causal chains to approach the actual cause. Poorly de-
signed reasoning chains may lead to premature termination
(missing critical steps) or excessive expansion (introducing
redundant information), which can disrupt LLM context re-
tention and degrade diagnostic accuracy and stability.

To address this issue, RCAFlow introduces a State-Aware
Analyzer that evaluates the results of each tool invocation
across multiple dimensions. Specifically, for standard data
processing tasks, Analyzer writes the results to the file di-
rectory of the corresponding workspace W;, making them
accessible for subsequent execution by Executor; For an-
alytical tasks, it first contextualizes low-level raw outputs
by associating them with system metadata such as service
names, container identifiers, and failure types, thereby ex-
tracting structured, semantically meaningful high-level in-
formation. The results are then returned as structured sum-
maries with highlighted key fields, effectively filtering out
noisy elements and emphasizing critical insights. Further-
more, the Analyzer computes metrics such as the number
of abnormal entries and the percentage of anomalies to as-
sess task completeness. These aggregated evaluation results
are passed back to Coordinator, serving as the basis for tra-
jectory updates and subsequent strategy decisions, enabling
completeness assessment, dynamic plan adjustment, and in-
telligent decision-making.

Experiments
Experimental Setup

Datasets To comprehensively evaluate the effectiveness of
our method on RCA tasks, we selected three challenging
datasets from OpenRCA(Xu et al. 2025): Bank, Market, and
Telecom, corresponding to a banking system, an online retail
system, and a telecommunications database system, respec-
tively. These datasets originate from real-world enterprise
systems with diverse architectures and failure patterns, and
integrate large-scale multi-modal observability data, fully
capturing the complexity and diversity of RCA tasks.

Evaluation Metrics We adopt the evaluation framework
proposed in the OpenRCA benchmark. The primary evalua-
tion metric is Correct accuracy, which requires all predicted
root cause elements—including the component, timestamp,
and reason—to match their corresponding ground-truth la-
bels exactly. We also report Partial Accuracy, which mea-
sures whether the model successfully identifies at least one
correct root cause element. As Correct accuracy can be ex-
tremely low in some challenging tasks, Partial Accuracy pro-
vides a finer-grained performance analysis, helping to reveal
the model’s capability boundaries and potential weaknesses.



Bank Market Telecom
Backbone Model ~ Method Correct Partial Correct Partial Correct Partial
CoT 5.15 13.24 2.70 10.14 3.92 13.73
ReAct 441 16.18 3.39 14.19 5.88 19.61
GPT-40 RCA-agent 6.62 19.85 7.43 15.54 9.80 21.57
mABC 26.47 36.03 26.35 32.43 31.37 45.10
Flow-of-Action 27.94 37.50 23.65 31.76 33.33 43.14
RCAFlow (ours) 4191 57.35 32.43 44.59 45.10 56.86
CoT 441 12.50 4.05 10.81 4.92 15.69
ReAct 6.62 15.44 4.73 12.84 7.84 19.61
DeepSeck-V3 RCA-agent 7.35 22.06 541 21.62 5.88 25.49
mABC 22.06 34.56 20.95 33.11 31.37 47.06
Flow-of-Action 27.21 36.76 24.32 34.46 29.41 41.18
RCAFlow (ours)  40.44 55.88 34.46 49.32 47.06 60.78
Table 1: Main Results On Three OpenRCA Datasets.
Baseline Models We selected three baselines based on Variants Bank Market Telecom
LLM: mABC (Zhang et al. 2024a), Flow-of-Action (Pei
et al. 2025), and RCA-agent. We try to reproduce the orig- wio K 12.50 10.14 15.69
inal methods faithfully; however, the results may exhibit wio Planngr 29.41 25.68 39.22
slight deviations from the original implementations due wio Coordinator  25.00 27.45 27.45
to differences in experimental settings. We provide each wio Analy wer 34.56 30.41 43.14
method with a fault rule knowledge base based on the RCA- wio Reflection 33.82 31.08 4118
agent to ensure fairness. Since RCA agents are usually RCAFlow 40.44% 34.36% 47.06%

highly dependent on specific scenarios, and most are not
open source and difficult to migrate, we also introduce sev-
eral general open source reasoning frameworks (such as CoT
(Wei et al. 2022) and ReAct (Yao et al. 2023)) as a baseline
to ensure the generality and reproducibility of the evaluation.

Main Results

As shown in Table 1, we evaluate RCAFlow’s effectiveness
across benchmarks. We can get the following key results:

1) RCAFlow consistently achieves the highest success
rate across all datasets regardless of the backbone. For
example, on the Bank dataset, RCAFlow achieves 41.91%
Correct with GPT-40 and 40.44% with DeepSeek-V3, sig-
nificantly outperforming the best baselines (e.g., Flow-of-
Action at 27.94% and 27.21%, respectively). These results
demonstrate RCAFlow’s robustness, generalization capabil-
ity, and adaptability across backbone models and domains.

2) RCAFlow achieves leading performance across
both evaluation metrics. On the most challenging Mar-
ket dataset, RCAFlow reaches 34.46% Correct and 49.32%
Partial with DeepSeek-V3, outperforming Flow-of-Action
(24.32%, 34.46%) and RCA-agent (5.41%, 21.62%). These
results highlight RCAFlow’s strong capability in task de-
composition and trajectory recovery. Overall, RCAFlow
demonstrates superior performance in solving complex tasks
and robust partial reasoning under uncertain or incomplete
conditions, exhibiting consistent and reliable performance
across multiple evaluation metrics.

Ablation Study

To evaluate the impact of RCAFlow components, we design
five ablated variants: RCAFlow w/o K removes K, treating
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Table 2: Ablation studies for key components of RCAFlow
based on DeepSeek-V3, evaluating the correct across Bank,
Market and Telecom.

all domain knowledge as unknown and relying solely on
the LLM for task planning; RCAFlow w/o Planner omits
semantic retrieval and structured planning, directly feed-
ing the original task context into the language model for
decision-making; RCAFlow w/o Coordinator eliminates the
branch manager and adaptive hierarchical coordinator, re-
placing it with a linear chain-of-thought reasoning struc-
ture; RCAFlow w/o Analyzer removes the execution anal-
ysis module, preventing the model from summarizing exe-
cution outcomes; RCAFlow w/o Reflection discards the re-
flection module, disabling reasoning trace introspection and
experience retention. As shown in Table 2, all variants ex-
hibit varying degrees of performance degradation, confirm-
ing the necessity and effectiveness of each module. Remov-
ing W; and the Coordinator leads to the most significant
drops in performance, highlighting the importance of task
decomposition grounded in prior knowledge and reliable
subtask execution with branch-aware adaptability. Further-
more, the performance decline of RCAFlow w/o Planner is
greater than that of RCAFlow w/o Reflection and RCAFlow
w/o Analyzer, indicating that structured planning plays a
vital role in enhancing task compliance and reasoning ef-
ficiency. Although the absence of reflection and Analyzer
causes a minor degradation, overall system performance still
suffers, suggesting the necessity of execution summarization
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Figure 2: Impact of 6.

and reasoning reflection. These findings further validate the
complementary and critical roles of structured knowledge
guidance, hierarchical planning and execution, reflection,
and adaptive memory in achieving robust and interpretable
RCA.

Impact of threshold

We evaluate the confidence-based subtask execution mech-
anism on the Bank dataset. Specifically, the system em-
ploys a threshold 6, based on which Coordinator deter-
mines whether the current subtask has been sufficiently
completed. To systematically assess the impact of 6 on
model performance, we introduce an additional evaluation
metric: Average Path Length (APL). APL is denoted by

N%) 221 Ly, where L denotes the diagnostic path length
of the k-th sample, and N, represents the number of sam-
ples that complete diagnosis within the specified maxi-
mum path length. As shown in Figure 2, Correct remains
relatively stable across different threshold values, benefit-
ing from the decision constraints imposed by the struc-
tured workflow, which help maintain reasoning accuracy
across diverse task paths. In contrast, APL increases with
the threshold, as the system tends to over-extend task exe-
cution—continuing analysis even after certain subtasks are
completed—resulting in redundant reasoning steps. Notably,
Correct exhibits a rise-then-fall pattern as the threshold in-
creases: moderate thresholds help complete reasoning paths
more accurately, improving performance; however, exces-
sively high thresholds introduce noisy or unnecessary steps,
leading to path bloat, information redundancy, and increased
cognitive load, thereby degrading performance. Conversely,
overly low thresholds may cause the system to oversimplify
complex subtasks, skipping critical steps and resulting in in-
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complete root cause analysis. Based on this trade-off, we set
the default threshold to = 0.90, which balances reasoning
efficiency and task accuracy well.

Sensitivity Analysis of Workflow

Initial Workflow In our experiments, we adopt the orig-
inal RCA-agent’s fault-handling rules without introducing
complex task templates or prior knowledge. Results show
that even a simplified workflow can achieve high diagnostic
accuracy, demonstrating the effectiveness of basic structured
knowledge in constraining reasoning and guiding decisions.
Furthermore, as shown in Table 3, enhancements to the orig-
inal workflow—through additional SOPs and rules—further
improve Correct Accuracy, underscoring the value of high-
quality workflow design.

Method Bank Market Telecom
RCAFlow 40.44 34.36 47.06
RCAflow with few SOPs  43.38 36.49 49.02

Table 3: Sensitivity analysis of initial workflow, evaluating
Correct based on DeepSeek-V3.

Workflow Generation Since workflow generation relies
on LLMs and involves relatively simple operations, the sys-
tem may struggle to produce accurate and effective work-
flows when handling complex TSGs—a limitation for fu-
ture work. However, our experiments are conducted on fault
rules with relatively simple structures. Results show that the
system can still significantly improve fault localization effi-
ciency, demonstrating its practicality in typical scenarios. In
addition, we perform multiple workflow generation trials for
each rule to account for the stochastic nature of LLMs. As
shown in Table 4, the accuracy metrics exhibit low variance,
indicating that the system is robust.

Backbone Test-1 Test-2 Test-3
GPT-40 4191 37.50 43.38
DeepSeek-V3 4044  36.76  41.18

Table 4: Sensitivity analysis of workflow generation, evalu-
ating Correct across Bank.

Conclusion

This paper presents RCAFlow, a hierarchical multi-agent
system informed by structured workflows, designed to ad-
dress RCA in complex microservice environments. By in-
tegrating interpretable plan generation, Git-inspired branch
management, hierarchical task decomposition, and state-
aware execution mechanisms, RCAFlow demonstrates su-
perior performance on the OpenRCA benchmark, validating
its effectiveness in accuracy, interpretability, and generaliza-
tion in complex diagnostic scenarios.
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