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Abstract—The intricate invocation dependencies and fault
cascades within microservice architectures pose significant chal-
lenges for Large Language Model (LLM)-based Root Cause
Analysis (RCA). Prevailing methodologies are often constrained
by static sampling, which fail to adapt reasoning width to fault
complexity, leading to redundant trajectory exploration and
accumulation of decisional noise. To address these limitations,
we propose DynRCA, a multi-agent collaborative framework
featuring adaptive reasoning trajectory optimization tailored for
root cause analysis of microservice environments. DynRCA intro-
duces a dynamic width sampling mechanism that leverages high-
dimensional embeddings and density-based clustering to identify
and consolidate redundant reasoning steps in real-time. This
approach effectively prunes the search space while preserving
diverse, high-value diagnostic paths. Experimental evaluations
on the 2025 AIOps Challenge and RE2-OnlineBoutique datasets
demonstrate that DynRCA achieves high accuracy of 64.25%
while reducing reasoning overhead by 28.5%, striking an optimal
balance between diagnostic depth and computational efficiency.

Index Terms—Root Cause Analysis, Large Language Models,
Multi-Agent System, Dynamic Sampling

I. INTRODUCTION

Rapidly evolving cloud computing and containerization es-
tablished microservice architecture as the prevailing paradigm
for large-scale Internet of Things (IoT) applications [1]-[3].
By decoupling monolithic systems into fine-grained services,
this architectural style enhances developmental agility and
scalability. However, such decentralization inherently escalates
operational complexity. Intricate, dynamic dependencies ren-
der individual node failures susceptible to cascading effects
along call chains, potentially triggering service avalanches [4].
Faced with multimodal observability data, such as metrics,
logs, and traces, Site Reliability Engineers (SREs) must exe-
cute complex decisions, from anomaly detection to root cause
analysis, within stringent time windows. This poses formidable
challenges to the precision and timeliness of Artificial Intelli-
gence for IT Operations (AIOps).

Traditional RCA methods based on rules [5], [6] or deep
learning [7]-[12] exhibit inherent limitations in processing
unstructured data. Recently, Large Language Models (LLMs)
have emerged as the central RCA paradigm due to their
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Fig. 1. Comparison of different sampling strategies. SC exhibits excessive
path homogeneity, while ToT suffers from reduced reasoning speed due to its
rigorous layer-wise verification. DynRCA effectively addresses these issues.

powerful reasoning and planning capabilities [13]-[16]. Early
single-agent efforts primarily followed two trajectories: in-
jecting historical failure patterns via fine-tuning [17], [18]
and mitigating hallucinations through Retrieval-Augmented
Generation (RAG) [19], [20]. However, massive microservice
operational data significantly exceeds single-agent context
windows, hindering the resolution of complex faults involving
long-range dependencies. Furthermore, lacking self-correction
mechanisms, these methods suffer from noise accumulation
across reasoning chains, resulting in insufficient robustness.

To transcend single-agent performance bottlenecks, multi-
agent collaborative frameworks exhibit superiority in complex
fault localization via role specialization and interaction mech-
anisms [21]. For instance, Flow-of-Action [22] transforms
Standard Operating Procedures (SOPs) into executable code
constraints, whereas mABC [23] employs blockchain-inspired
consensus to audit reasoning outcomes. Nevertheless, contem-
porary approaches face persistent challenges. Static SOPs fail
to generalize to non-deterministic Out-of-Distribution (OOD)
faults, while greedy or rigid voting mechanisms are prone
to infinite loops, hindering high-confidence consensus within
deterministic latency constraints.

To augment the precision of agent-based Root Cause Anal-



ysis (RCA), contemporary frameworks extensively integrate
Chain-of-Thought (CoT) [24] and its derivatives, including
CoT-SC, ToT, and Beam Search [25]-[27], to mitigate rea-
soning error propagation via multi-path sampling and ag-
gregation. A notable advancement, RCAgent [28], employs
Trajectory-level Self-Consistency (TSC) to suppress early-
stage redundancy by deferring the sampling onset. However,
as illustrated in Fig. 1, these paradigms remain constrained by
rigid sampling mechanisms that fail to dynamically modulate
sampling width in accordance with diagnostic complexity. This
inability to adaptively allocate resources results in significant
latency from redundant reasoning and lacks efficient interme-
diate state aggregation. Consequently, erroneous information
persists unintercepted across multi-round dialogues, ultimately
leading to cascading error propagation.

To address these limitations, we propose DynRCA, an effi-
cient multi-agent dynamic sampling reasoning method for mi-
croservice root cause analysis. DynRCA adaptively regulates
reasoning sampling width via semantic clustering and classifier
guidance, complemented by trajectory aggregation at critical
nodes. This framework compresses computational overhead
and latency while maintaining superior diagnostic precision.
The primary contributions of this work are as follows:

o The DynRCA multi-agent collaborative framework:
For microservice RCA, we developed agents encompass-
ing task planning, multi-modal expert analysis, and arbi-
tration evaluation. By decoupling tasks and specializing
roles, this framework enhances orchestration flexibility
and collaborative diagnostic capabilities within multi-
agent RCA systems facing complex fault cascades.

o Dynamic width sampling and unsupervised trajectory
merging mechanism: We developed a dynamic sampling
mechanism to achieve adaptive reasoning trajectory ad-
justment. To overcome the scarcity of expert-labeled data,
we propose an unsupervised trajectory classification strat-
egy using UMAP-HDBSCAN for pseudo-labeling and
GCE loss for classifier training. This approach effectively
merges redundant exploration branches and suppresses
error accumulation in noisy environments.

o Experimental Validation: Extensive comparative ex-
periments and ablation studies were conducted using
two public datasets. The results demonstrate that Dyn-
RCA achieves robust root cause localization accuracy of
64.25% while delivering 28.5% enhancement in average
reasoning efficiency, highlighting its effectiveness in bal-
ancing performance and resource consumption.

II. RELATED WORKS
A. Root Cause Analysis

Root Cause Analysis aims to precisely pinpoint the origins
of anomalies within complex failure symptoms, which is vital
for ensuring microservice availability. As system complexity
scales, RCA techniques have evolved from rule-based [5]
to deep learning [12], and recently toward LLM-based ap-
proaches that leverage superior reasoning and tool-use capa-
bilities. [14] pioneered the exploration of ReAct agents, which

dynamically invoke database and knowledge-base retrieval
tools to obtain real-time observability data for automated
diagnosis. COCA [20] indexes function-level code snippets to
reconstruct execution paths, effectively mitigating performance
degradation in scenarios with missing observability data. Nev-
ertheless, the massive data in microservices often exceeds
the context window capacity of singular agents, leading to
information truncation and context loss during long-chain
reasoning for complex faults. Furthermore, the absence of self-
correction mechanisms makes reasoning chains susceptible to
noise accumulation, compromising model robustness.

B. LLM Multi-Agent

Multi-agent frameworks are designed to overcome mono-
lithic limitations regarding context windows and noise accu-
mulation in extended reasoning chains. Current collaborative
paradigms, such as Chain [29], Debate [30] and DyLAN
[31], effectively surpass performance bottlenecks by reducing
perceptual load and enhancing fault tolerance. Building on this
basis, more diversified multi-agent collaborative frameworks
have been developed. Flow-of-Action [22] integrates SOPs
into knowledge base and transforms them into executable tool-
chains, imposing hard constraints at critical nodes to ensure
the compliance of reasoning trajectories. However, rigid SOPs
curtail the generalization of reasoning, which limits agents’
ability to deal with unexpected faults. mABC [23] proposes
a comprehensive multi-agent workflow ranging from alert
triggering to resolution generation, incorporating a consensus
mechanism for weighted voting and review of reasoning steps.
Despite these advancements, greedy-strategy reasoning and
rigid voting mechanisms struggle to achieve high confidence
consensus within limited steps, often leading to logical dead-
locks and failing to satisfy the stringent requirements for
deterministic latency in RCA.

C. Agent Reasoning Trajectories Sampling

Agent reasoning trajectory sampling involves the filtering
of intermediate decision steps and interaction sequences gen-
erated during multi-agent collaboration. By preserving diverse,
high-value reasoning paths, this technique aims to bolster
agent adaptability to OOD fault diagnosis, thereby extend-
ing generalization boundaries and enhancing system stability
in unpredictable environments. Beam Search [26] maintains
multiple candidate sequences and prunes low quality branches.
Although it expands the search space, iterative evaluation at
each step incurs substantial computational latency. SC [25]
samples multiple reasoning trajectories in parallel and employs
majority voting to enhance reliability, yet its stochastic sam-
pling prone to errors and redundancy. RCAgent [28] refines
this via TSC, which delays sampling to the final reasoning
stage to share initial steps and optimize costs. Nonetheless,
similar to SC, TSC remains constrained by fixed sampling
width and requires all branches to complete before aggrega-
tion, ultimately failing to fundamentally intercept cascading
propagation of erroneous reasoning within branches.
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Fig. 2. Overview of DynRCA. The left side shows agent’s workflow and possible outputs, while the right side shows the details of dynamic width sampling.

III. METHOD
A. Overview

We propose DynRCA, a collaborative multi-agent frame-
work tailored for root cause analysis in microservice scenarios
as illustrated in Fig. 2. Comprising seven specialized agents,
DynRCA achieves efficient and automated RCA from raw
alerts to solution generation through arbitration evaluation and
reasoning path consolidation. The workflow of DynRCA is
defined by the following phases:

1) Alert Pre-processing: As the entry point of the work-
flow, the Alert Management Agent is responsible for aggre-
gating raw alerts generated by the microservice system. It
performs priority assessment based on features including alert
type, duration, and scope of influence before populating a
queue with structured event reports.

2) Task Orchestration and Scheduling: Task Planning
Agent extracts tasks from the queue to act as the central control
hub. It leverages the ReAct [32] paradigm to drive the entire
analytical process and dispatches instructions to underlying
expert agents on demand.

3) Multi-dimensional Expert Analysis: During this stage,
Metric, Log, and Trace Analyst receive planning instructions
to invoke specific data acquisition tools. These agents extract
anomalous features from heterogeneous data and transform
them into textual summaries for planning layer.

4) Reasoning Trajectory Optimization: To enhance an-
alytical efficiency, the system implements reasoning trajec-
tory optimization. The Arbitration Agent utilizes CoT to

quantitatively score candidate reasoning trajectories generated
from expert feedback. By evaluating logical consistency and
conflicting indicators, the agent identifies the optimal trajec-
tory for integration into the context of the Task Planning
Agent, facilitating dynamic correction of reasoning paths and
elimination of redundancies. Steps 2), 3), and 4) are executed
iteratively until the Task Planning Agent determines that root
cause localization is complete.

5) Conclusion and Solution Generation: After identifying
the root cause, Solution Advisor synthesizes full context
of reasoning evidence to output the final RCA conclusion
alongside corresponding remediation recommendations.

B. Dynamic Width Sampling for Reasoning Trajectories

In the phase of reasoning trajectory optimization, we pro-
pose a dynamic width sampling method specifically designed
for reasoning trajectories. This approach guides the reasoning
and tool-invocation behaviors of the Task Planning Agent
through semantic clustering and systematic trajectory evalu-
ation, thereby balancing reasoning depth and computational
overhead in complex microservice RCA tasks.

The reasoning process of the Task Planning Agent is mod-
eled as a Markov Decision Process (MDP). Let H; denote
the historical reasoning trajectory up to time ¢. To capture
the comprehensive context of decision-making, each reasoning
step e; is defined as a semantic triplet:

tht t b
e = (et i, ef™) (1)



where et represents the internal CoT of the agent, e#*

denotes the action commands issued to specific expert agents,
and e§® signifies the summarized feedback returned by those

experts. The historical trajectory is represented as:
Ht:{607el7~"7et} (2)

At time ¢ + 1, to avoid the limitations of singular reason-
ing path, Task Planning Agent executes k parallel stochas-
tic samplings based on H, generatin{g a set of candidate
reasoning steps Ey1 = {egl,...7eti)1}. Given that raw
text sequences often exhibit high sparsity, direct deduplication
within the textual space tends to overlook underlying semantic
correlations. Consequently, the discrete text sequences are
first projected into a high-dimensional latent space RY. A
pre-trained embedding model M g,,,;, is employed to extract
feature vectors v; for each candidate step:

vi = Mpmp(el)), i€ {l,....k} 3)

Next, a reasoning trajectory classifier M, p performs
logical clustering on these semantic vectors. This stage aims
to group reasoning paths that are semantically analogous and
only redundant in expression into the same category c;:

ci = Murp(vq) 4)

Upon obtaining the categorical partitions, for each subset
S. = {€§21 | ¢i = ¢} belonging to category ¢, we utilize
the inductive capabilities of LLM for conflict resolution and
knowledge extraction. This process synthesizes a more rep-
resentative and concise candidate step égi)l by eliminating
logical contradictions between different sampling branches:

&l = Mrrar(Se) )

However, simply merging would erase the frequency in-
formation inherent in original sampling, thereby diminishing
the weight of majority opinions. To calibrate the distribution
of reasoning weights, we introduce a density compensation
threshold A. If the size of the original subset |S.| exceeds A,
indicating high consensus for that reasoning direction, we fix
its representation in subsequent searches to A via redundant
replication; otherwise, a single sample is retained. The final
calibrated candidate set Et+1 is formulated as follows:

() .
oy { (B9 x X if S > A

ceC {égi)l if |SC| < A

(6)

To evaluate the long-term efficacy of current decisions, the
system performs look-ahead exploration for each candidate
branch in E,,;. Starting from égfr)l, the agent continues
reasoning for n steps until a predefined maximum search
depth N is reached or a termination token is triggered. This
procedure generates the set of candidate trajectories 7T :

T(C) = {éij-)l7 (63)21?4»2}7 (7)
st.n=min{j | e; =finishV j = N}

Such look-ahead exploration facilitates the identification of
deceptive paths that are locally optimal yet globally infeasible.
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Fig. 3. The training process of reasoning trajectory classifier, encompassing
dataset construction and model optimization.

Finally, the Arbitration Agent serves as a global observer to
score the trajectories in 7 based on content consistency and the
logical integrity of the evidence chain. The scoring function
R(-) evaluates whether the reasoning steps align logically with
the original alert evidence, yielding a value in the range (0, 1].
The system selects the candidate trajectory 7* with the highest
score to update the historical trajectory:

7" = arg max R(T) 8
Ht+n = Ht U {T*} (9)

Following the update of historical trajectory, the dynamic
sampling cycle is repeated until the arbitration agent selects a
trajectory that terminates with Finish state.

C. Design of the Reasoning Trajectory Classifier

In the dynamic sampling process in Section III-B, the
performance of the reasoning trajectory cluster governs the
precision of reasoning path consolidation. While supervised
classification excels in semantic modeling, its effectiveness in
microservice root cause analysis is constrained by the intri-
cate domain expertise and extended logical chains required,
which render large-scale manual annotation cost-prohibitive.
Consequently, we implement an unsupervised label generation
method based on a cluster-and-map strategy, as shown in Fig.
3. This approach is utilized to train a Multi-Layer Perceptron
(MLP) to execute clustering on reasoning paths.

To obtain domain-specific supervisory signals without hu-
man intervention, we construct the training set from alert data
through an automated pipeline as follows:

1) Raw Corpora Generation: Initially, event reports pro-
duced by the Alert Management Agent serve as primary input.
The Task-Planning Agent generates complete reasoning tra-
jectories via ReAct paradigm under greedy sampling strategy.
Each reasoning triplet e; within the trajectory is treated as an
independent textual unit and encoded into high-dimensional
semantic vector using a pre-trained embedding model.

2) Manifold Alignment and Dimensionality Reduction:
High-dimensional semantic spaces often exhibit significant
sparsity, which lead to the degradation of distance metrics
during direct clustering. We first apply Lo normalization to
the semantic vectors to eliminate magnitude-induced bias.



Subsequently, we introduce Uniform Manifold Approximation
and Projection (UMAP) [33]. Grounded in manifold learning
theory, UMAP constructs a topological graph structure to
project high-dimensional features into a lower-dimensional
space R*, effectively preserving both the local neighborhood
structure and the global topological characteristics of the
original semantic distribution.

3) Adaptive Density-Based Clustering: Given that the dis-
tribution of unstructured text vectors is difficult to ascertain
a priori, we employ HDBSCAN (Hierarchical Density-Based
Spatial Clustering of Applications with Noise) [34]. This
method balances clustering depth by measuring the stability
of clusters across varying density scales, thereby adaptively
determining the number of clusters C' without requiring pre-
defined cluster centers.

o Vectors satisfying the density requirements are assigned
to their respective cluster indices.

o Outliers that fail to meet the clustering thresholds are cat-
egorized into a dedicated noise class, thereby sharpening
the discriminative boundaries of the classifier.

o The resulting feature-cluster pairs (v;,¢;) serve as
pseudo-labels, providing supervisory signals for the sub-
sequent training of the MLP.

Owing to the inherent information loss during UMAP-
based dimensionality reduction and the potential introduction
of inaccurate pseudo-labels by the clustering algorithm, the
training set inevitably contains a non-negligible degree of
labeling noise. To enhance the model’s robustness against such
noise, we eschew the conventional Cross Entropy (CE) loss
and instead adopt the Generalized Cross Entropy (GCE) [35]
loss function to supervise the training of the MLP:

1 (i)
L Z; p (10)

Where C denotes the total number of logical categories
determined through the clustering phase, y; represents the
one-hot encoded vector of the assigned pseudo-labels, y;
signifies the predicted probability distribution of the model
following Softmax activation, ¢ € (0, 1] serves as a tunable
hyperparameter that modulates the trade-off between noise
robustness and convergence speed.

IV. EXPERIMENT
A. Experiment Settings

1) Datasets: To evaluate the effectiveness of DynRCA, we
utilize two benchmark datasets: the 2025 AIOps International
Challenge dataset (2025 AIOps) and the RE2-OnlineBoutique
(OB) dataset from the RCAEval benchmark [36]. 2025 AIOps
is specifically curated to detect alert events and identify
root causes within microservice architectures. It comprises
400 authentic failure cases, encompassing 15 distinct fault
types across three hierarchical levels: node, pod, and service.
Derived from the RCAEval benchmark, RE2-OB includes 90
fault injection scenarios. It covers 5 critical services and 6
representative fault categories.

2) Model Settings and Tools Design: For reasoning, we
utilize Qwen3-8B, Llama-3.1-8B-Instruct, and GPT-40-mini.
The temperature is fixed at 0.5 to balance stability and creativ-
ity. For text embeddings, Qwen3-Embedding-8B is employed
with an output dimensionality of 1024. To handle the multi-
source data datasets, we developed specialized tools for time-
specific information retrieval and redundant field filtering. All
baselines utilize those tools to ensure experimental fairness.

3) Baselines: We chose SC, ToT with beam search and
mABC as baselines to compare DynRCA. Specifically, the
aggregation processes for SC and the evaluation phase of ToT
are orchestrated by the Arbitration Agent.

4) Hyper Parameters: For dynamic sampling, we set
the random sampling width to 8, the density compensation
threshold A to 3, and the maximum look-ahead search depth
N to 5. Regarding dataset construction, UMAP parameters
are configured with n_neighbors = 15, min_dist = 0.1,
and target dimensionality of 10; meanwhile, HDBSCAN is
parameterized with a minimum cluster size of 5 and minimum
samples of 10. The ¢ in the loss function is specified as 0.7.
For baselines, the sampling widths for SC and Beam Search
are consistently set to 8, with the beam width fixed at 4.

5) Evaluation Metric: To evaluate the effectiveness of
DynRCA and baselines, we measure following two metrics:

e Accuracy: This metric measures whether the predicted
root cause component set is identical to the ground
truth. Any discrepancy, such as missing or extraneous
components, results in a score of 0.

e Top — k(k = 3,5): This assesses whether the ground
truth components are fully contained within the top-k
most likely root causes generated by the model. For this
metric, the model is prompted to produce k candidate
root cause components ranked by confidence.

B. Main Results

1) Performance Analysis: Table I presents a comparative
analysis of diagnostic Accuracy and Top — k metrics between
DynRCA and several baselines across two datasets.

On the 2025 AlIOps dataset, DynRCA (powered by GPT-
40-mini) achieved an Accuracy of 64.25%, marking a 6.5%
improvement over the mABC baseline. Notably, DynRCA
achieved state-of-the-art (SOTA) performance across all met-
rics on the RE2-OB dataset, demonstrating an accuracy en-
hancement ranging from 4.45% to 10.00% compared to all
evaluated baselines. Conversely, the SC approach exhibited the
most inferior performance, with accuracies limited to 47.75%
and 36.67% on the two respective datasets.

The performance degradation of SC stems from the absence
of a verification mechanism for reasoning paths, which renders
the sampled branches susceptible to irreversible semantic noise
and leads to cumulative deviation from the ground truth.
While ToT and mABC incorporate evaluative components,
their limited look-ahead capability restricts them to step-wise
local assessments. This lack of a global perspective over multi-
step search spaces often results in the premature pruning of
optimal solutions in complex tasks. In contrast, the proposed



TABLE I
PERFORMANCE COMPARISON WITH DIFFERENT BASELINES ON THE TWO RCA DATASETS.

Method Model AIOps2025 RCAEval
Accuracy Top-3 Top-5 Accuracy Top-3 Top-5
Qwen3-8B 45.75% 64.50% 68.75% 33.33% 53.33% 62.22%
SC GPT-40-mini 47.75% 62.75% 68.50% 36.67% 57.78% 65.56%
Llama-3.1-8B-Instruct 43.50% 57.25% 62.25% 31.11% 46.67% 53.33%
Qwen3-8B 55.25% 67.00% 76.25% 41.11% 67.78% 77.78%
ToT GPT-40-mini 56.00% 67.50% 78.75% 42.22% 66.67% 78.89%
Llama-3.1-8B-Instruct 53.00% 66.75% 70.25% 37.78% 63.33% 71.11%
Qwen3-8B 55.75% 67.50% 74.25% 40.00% 67.78% 74.44%
mABC GPT-40-mini 57.75% 68.00% 74.75% 41.11% 64.44% 77.78%
Llama-3.1-8B-Instruct 54.50% 64.50% 68.75% 36.67% 60.0% 71.11%
Qwen3-8B 62.75% 67.75% 76.00% 43.33% 68.89 % 75.56%
DynRCA GPT-40-mini 64.25% 70.50% 77.25% 46.67% 64.44% 78.89%
Llama-3.1-8B-Instruct 57.25% 65.75% 72.50% 38.89% 63.33% 73.33%

350( 2025 AIOPS 100 m— 2025 AIOpS requirements (74.7k and 66.7k tokens). ToT reaches peak
B, ™= RE2-0B ) Em RE2-0B consumption levels (106.8k and 87.6k tokens) owing to its
g g 80 fixed-width parallel sampling and incessant evaluative oper-
b ﬁ . ations. DynRCA effectively addresses this by consolidating
g g redundant reasoning trajectories post-sampling. Consequently,
% g 40 the token consumption of DynRCA is reduced to only 50.4k

and 43.7k tokens, representing a substantial 28.5% decrease
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Fig. 4. Efficiency Analysis of Different Methods

DynRCA framework integrates adaptive review timing with
long-horizon reasoning steps, effectively traversing high-value
trajectories and mitigating the risk of discarding global optima
during root cause analysis.

2) Efficiency Analysis: We evaluate the efficiency of Dyn-
RCA (Qwen3-8B) in terms of temporal latency and token
expenditure, as illustrated in Fig. 4.

Regarding execution speed, SC demonstrates lowest latency
(212s and 138s) due to its simple architecture with single-
phase aggregation. In contrast, mABC employs a fine-grained,
step-wise verification mechanism that mandates evaluation
by all agents at every decision node, triggering regeneration
whenever consensus is not reached. This high-frequency inter-
action leads to substantial reasoning latency (343s and 254s).
DynRCA mitigates this by optimizing evaluation frequency,
maintaining competitive execution times of 249s and 167s.
Although DynRCA exhibits a marginally lower inference
speed than SC due to additional evaluation cycles, it provides
superior diagnostic gains, achieving an optimal trade-off be-
tween inference efficiency and accuracy.

In terms of token consumption, the collective agent re-
view mechanism of mABC leads to notably high resource

compared to mABC. This approach significantly enhances
resource efficiency by pruning redundant reasoning paths and
implementing periodic verification mechanisms.

C. Ablation Study

We conduct an ablation study using three variants of Dyn-
RCA (Qwen3-8B). As shown in Table II, the full configuration
of DynRCA achieves superior performance across all metrics
on both datasets, demonstrating the indispensable synergy of
its constituent components.

1) Necessity of Multi-Agent Collaboration: Restricting
the framework to a single-agent configuration leads to a
substantial performance degradation of 25.00%. This decline
underscores the pivotal role of multi-agent coordination in
decomposing complex root cause analysis tasks, which single-
agent architectures struggle to manage effectively.

2) Indispensability of External Tools: The exclusion of
tool integration forces the model into a pure context-based
reasoning mode. Due to the introduction of excessive irrelevant
data, performance plummets to a baseline of 17.25%. This
result highlights that tool utilization is critical for filtering
environmental noise and extracting salient failure features.

3) Gains from Dynamic Width Sampling: Removing the
dynamic width sampling mechanism also adversely affects
performance. Although the impact is relatively less severe
than that of the previous two components, this mechanism



TABLE II
ABLATION STUDY OF DYNRCA COMPONENTS.

Method AIOps2025 RCAEval
Accuracy Top-3 Top-5 Accuracy Top-3 Top-5
DynRCA(Qwen3-8B) 62.75% 67.75% 76.00% 43.33% 68.89% 75.56%
w/o Multi-Agent 37.75% 52.00% 60.50% 27.78% 38.89% 52.22%
w/o Dynamic Sampling Mechanism 40.50% 58.75% 63.33% 34.44% 45.56% 58.89%
w/o Tools 17.25% 24.25% 30.75% 21.11% 32.22% 40.00%
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Fig. 5. Sensitivity Analysis of Density Compensation Threshold

is nonetheless essential for expanding the performance ceiling
of RCA by optimizing reasoning trajectories.

D. Sensitivity Analysis

We evaluated the impact of the density compensation thresh-
old on the Accuracy of DynRCA (Qwen3-8B) using the
AlOps 2025 dataset, as illustrated in Fig. 5 The results indicate
that the Accuracy undergoes a rapid initial increase followed
by a sharp decline as the threshold rises, eventually stabilizing
after the threshold exceeds 6. The Accuracy reaches its nadir
at 41.25% and 28.89% on the two datasets, respectively.
This performance degradation is primarily attributed to the
excessive consolidation of reasoning trajectories. Specifically,
when the threshold is set too low or too high, similar reasoning
paths are over-merged, which disproportionately dilutes their
significance during the evaluation phase and prevents optimal
paths from being selected.

E. Case Study

In a representative case from the 2025 AlIOps dataset,
DynRCA demonstrates architectural superiority. Through its
dynamic sampling and merging mechanism, the framework
identifies analogous CPU anomalies across nodes and con-
solidates them into a single inference branch, eliminating
computational redundancy. During evaluation, it prune ineffec-
tive paths (e.g. Branch-3), focusing reasoning on high-value
trajectories. This coordination allows the Task Planning Agent

The system experienced an anomaly from 2025-06-05T16:10:02Z to 2025-06-
05T16:31:02Z. Please infer the possible cause.

Branch-1 Branch-2

Branch-3

CPU Usage:
k8s-master2 exhibited
the most significant
fluctuations, peaking
at 48.51%. =

| Merge |
Anomalous Master: k8s-master? is the primary
outlier, with concurrent CPU (48.51%)
Compute Bottleneck: aiops-k8s-03 show significant
CPU fluctuations

Memory Usage:
The overall trend shows slight
fluctuations with a gradual

increase. aiops-k8s-07 has th
highest utilization rate
(approximately 68%).

3
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1

1

1

1

1

1

1
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! Compute Bottleneck:

H aiops-k8s-03 and aiops-k8s-
1 06 show CPU fluctuations.
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CPU Usage:
aiops-k8s-03 consis-
tently at high level
(reaching 38.92%)

No critical errors or unusual
activities were found on the €3
specified nodes

saturation from emailservice stress.

Score: 0.9 Q Score: 0.3 °

Cascading Failure: Frontend latency hit 104s;
system-wide collapse triggered by CPU 3

Root Cause: Resource exhaustion (CPU/Mem) on aiops-k8s-07 triggered by 104s abnormal
Frontend requests.

Impact: Cascading delays to downstream services further intensified node strain.
Pattern: Perfect synchronization between extreme trace latency and metric spikes,
indicating a compute-bound performance collapse.

Recommendation: Implement strict request timeouts and circuit breakers to terminate
abnormal long-tail requests and prevent resource monopolization. Configure Kubernetes

resource limits to isolate fault risks and ensure balanced workload distribution across the
cluster. &

Fig. 6. Case of DynRCA in 2025 AIOps

to bypass noise and precisely isolate the root node aiops-k8s-
07 and its underlying resource exhaustion. Furthermore, the
integrated Solution Advisor facilitates a robust, closed-loop
process from localization to actionable remediation.

V. CONCLUSION

In this work, we propose DynRCA, a multi-agent framework
specifically designed for root cause analysis tasks in com-
plex microservice scenarios. By introducing a semantic-based
dynamic width sampling mechanism, DynRCA effectively
alleviates the redundancy and noise issues inherent in static
sampling strategies. Our approach utilizes high-dimensional
embeddings and density-based clustering algorithms to adap-
tively prune reasoning trajectories, effectively compressing
the search space while preserving critical diagnostic paths.
Extensive experiments on multiple datasets demonstrate that
DynRCA can balance the diagnostic depth and computational
overhead of RCA, significantly reducing diagnostic duration
and thereby improving automated operations and maintenance
capabilities for microservices.
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