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Abstract—Recent advances in large language models (LLMs)
and agent-based systems have created new opportunities for
autonomous operations in production supercomputers. However,
existing approaches remain inadequate for execution-oriented
operational tasks, as they cannot reliably transform operational
requests into executable workflows under dynamic runtime
environments due to the lack of runtime status grounding and
execution guarantees. To address this challenge, we propose
KnowLution, a multi-agent framework that integrates workflow
routing, state-aware retrieval, and execution-aware tool orches-
tration. KnowLution routes operational requests into structured
workflows, grounds reasoning with real-time system states and
operational knowledge, and verifies executability before action
execution, enabling reliable closed-loop task handling. We evalu-
ate KnowLution on a production-derived benchmark containing
200 representative operational tasks. Experimental results show
that KnowLution achieves an 85% task success rate and a 92%
tool execution success rate while maintaining practical response
latency, substantially outperforming representative baselines.

Index Terms—supercomputers, multi-agent systems, system
reliability, Operations management

I. INTRODUCTION

Modern supercomputing centers rely on increasingly com-
plex operational workflows, including job management, soft-
ware maintenance, resource scheduling, fault diagnosis, and
system recovery. Unlike conventional conversational appli-
cations, these operational tasks are execution-oriented and
require reliable interaction with a dynamic production envi-
ronment. As supercomputers continue to scale toward massive
node counts, heterogeneous devices, and increasingly complex
scheduling policies, these tasks become tightly coupled across
multiple system components. Consequently, reliable operation
requires decisions grounded in runtime system states and strict
execution constraints, since incorrect actions may propagate
across schedulers, storage systems, and affect system avail-
ability and user workloads [1].

Recent advances in large language models(LLMs)-based
intelligent operations systems have significantly improved
semantic understanding, operational knowledge retrieval, and
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Fig. 1. Perceived limitations of current intelligent operations systems reported
by 27 frontline O&M engineers. Multiple choices were allowed.

task-level reasoning. However, production supercomputing en-
vironments require more than intelligent assistance. Opera-
tional requests must be transformed into executable workflows
grounded in runtime system states and validated against safety,
permission, and dependency conditions before execution.

To better understand the practical requirements, we con-
ducted a questionnaire and interview study involving 27
frontline O&M engineers, over 70% of whom are respon-
sible for production supercomputers. As shown in Fig. 1,
respondents identified insufficient output reliability, runtime
awareness, tool interoperability, and operational knowledge
as major limitations of current intelligent operations systems,
while one-third further highlighted execution safety as a key
concern. These findings indicate that production deployment
requires not only strong reasoning capabilities, but also reliable
execution grounded in runtime status, operational knowledge,
and execution constraints.

These findings expose a fundamental gap between existing
intelligent operations systems and the practical requirements



of production supercomputers. Existing approaches fail in
three critical aspects. First, retrieval mechanisms mainly rely
on static documents or historical cases, making it difficult
to align operational knowledge with dynamic runtime status.
Second, execution-oriented operational tasks are often treated
as conversation queries rather than executable workflows, lim-
iting their ability to coordinate multi-stage operations across
heterogeneous system components. Third, although recent
agent frameworks support tool invocation, generated actions
still lack systematic validation of parameter completeness, de-
pendency conditions, permission compatibility, and execution
risks. These limitations are common across existing LLM-
based operational assistants [2], [3], RAG-enhanced reasoning
methods [4], [5], and general-purpose agent frameworks [6],
[7]. Consequently, they cannot reliably transform operational
requests into state-grounded and safely executable workflows
required by production supercomputers.

To bridge this gap, we propose KnowLution, a multi-
agent framework for execution-oriented autonomous opera-
tions in production supercomputers. By integrating workflow
routing, state-aware retrieval, and execution-aware tool orches-
tration, KnowLution transforms operational requests into state-
grounded and safely executable workflows, enabling reliable
closed-loop autonomous operations.

The main contributions of this paper are summarized as
follows:

e« We propose KnowLution, the first execution-oriented
multi-agent framework for autonomous operations in pro-
duction supercomputers. KnowLution transforms opera-
tional requests into state-grounded and safely executable
workflows through a closed-loop execution process.

« KnowLution integrates workflow routing, state-aware re-
trieval, and execution-aware tool orchestration to bridge
requests, operational knowledge, dynamic runtime status,
and safe execution.

o We construct a production-derived benchmark containing
200 representative operational tasks and conduct exten-
sive experiments against representative baselines. Know-
Lution achieves an 85% task success rate and a 92% tool
execution success rate while maintaining engineering-
practical response latency.

II. RELATED WORK

Recent advances in LLM-based intelligent operations
systems have significantly improved autonomous opera-
tions. However, existing approaches remain insufficient for
execution-oriented autonomous operations in supercomputers.

A. Retrieval-Augmented Knowledge for Intelligent Operations

LLMs that rely solely on parametric memory are prone
to outdated knowledge and hallucination, while RAG miti-
gates these limitations by incorporating external knowledge
into model reasoning through a retrieve—augment—generate
paradigm [8]. Recent studies improve retrieval from multiple
perspectives. Graph- and memory-enhanced methods, such
as LightRAG [5] and HippoRAG [9], reorganize fragmented

documents into structured memory for improved contextual
coverage and multi-hop retrieval. Adaptive-RAG [10] and
Self-RAG [4] further optimize retrieval timing and answer—
evidence consistency. Agentic RAG [11] and ToolLLM [12]
extend retrieval with planning, reflection, and external tool
interaction. Despite these advances, existing RAG methods
treat retrieved knowledge as static evidence independent of
the execution environment. Consequently, they cannot reliably
align operational knowledge with dynamic runtime status, mo-
tivating state-aware retrieval for execution-oriented operations.

B. LLM Agents for Autonomous Operations

LLM-based agents extend language models from passive
text generators to interactive decision makers capable of
reasoning, planning, and tool invocation. Multi-agent col-
laboration further improves complex task handling through
role decomposition and coordinated execution [13]. Repre-
sentative frameworks, including ReAct [2], AFLOW [14],
AutoFlow [15], AutoGen [6], CAMEL [16], MetaGPT [7],
and PEER [17], demonstrate strong capabilities in workflow
automation, software engineering, and enterprise reasoning.
Early O&M-oriented multi-agent systems, such as MAS-
CM [18], further illustrate the benefits of hierarchical collab-
oration for system management.

Recent studies have also explored LLMs and agents for
operational scenarios. FlowXpert [3], RCAgent [19], RCA-
Copilot [20], mABC [21], and SQLFixAgent [22] support
troubleshooting, root-cause analysis, and structured output cor-
rection in cloud and database systems. In HPC environments,
HPC Coder v2 [23], AutoParLLM [24], LM4HPC [25], and
HPC-GPT [26] improve code generation and scientific pro-
gramming, while HyCE [27], LLM-based workflow anomaly
detection [28], chatHPC [29], FoamPilot [30], and LangChain—
Parsl [31] assist users with documentation, workflow genera-
tion, and job submission.

Nevertheless, existing intelligent operations systems still
lack workflow routing and execution-aware tool orchestration,
limiting their applicability to execution-oriented operations in
production supercomputers.

III. DESIGN OF KNOWLUTION

A. Overview

Fig. 2 presents the overall architecture of KnowLution. User
requests or alerts are first mapped to predefined operational
workflows, which are collaboratively executed by special-
ized agents for system awareness, anomaly analysis, strat-
egy planning, tool orchestration, and result reporting. During
execution, state-aware retrieval grounds LLM reasoning with
runtime states and operational knowledge, while execution-
aware tool orchestration ensures that generated actions satisfy
capability and safety constraints. Execution results are further
incorporated into the knowledge base, forming a closed-loop
autonomous operation framework.
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Fig. 2. Architecture of KnowLution.

B. Workflow Routing

KnowLution treats execution-oriented O&M as workflow
execution rather than conversational reasoning. Accordingly,
user requests are first mapped to predefined operational work-
flows together with the execution-related entities required for
subsequent coordination.

Given a user request uy, the task parsing agent employs an
LLM with structured prompts and few-shot demonstrations to
identify the workflow type and execution parameters, such as
node names, job IDs, or log ranges. The routing process is
formulated as:

Wi = fintent (LLM (ug, ctxy)),  we € WU{L}, (D)

where ctx; denotes the contextual representation constructed
from historical dialogue and memory, and L indicates that the
task is beyond the scope that the current system can safely
handle.

This resulting workflow defines the execution context for
subsequent multi-agent coordination. Lightweight requests in-
voke only perception and reporting agents, whereas execution-
oriented tasks additionally trigger anomaly analysis, planning,
and execution, avoiding unnecessary reasoning while improv-
ing execution efficiency.

C. State-aware Retrieval

Operational decisions should be grounded in both dynamic
runtime states and accumulated operational knowledge. Know-
Lution therefore constructs a unified decision context by
adaptively weighting three information sources: runtime states,
retrieved knowledge, and the semantic representation derived
from the current request and interaction context.

Let ¢state(-), Pxb(+), and dsem(:) project the three infor-
mation sources into a shared semantic space. The resulting
context is formulated as:

K = a¢dstate(St) + Bedub(De) + Vedsem (ut, ),  (2)

(at, B, ve) = glwy), o+ By +v =1, 3)

where s; denotes the current runtime states, [D; represents
the retrieved operational documents, and (u¢, ¢;) denotes the
current request and interaction context. The weighting function
g(-) determines the importance of each source according to
the routed workflow w,. Runtime-intensive workflows assign
greater weight to system states, whereas knowledge-oriented
tasks place greater emphasis on retrieved documents.

D. Execution-aware Tool Orchestration

Tool invocation in production environments requires more
than selecting appropriate tools. Practical execution addition-
ally depends on execution order, parameter completeness,
dependency satisfaction, permission compatibility, and oper-
ational safety. KnowLution therefore generates an execution-
aware orchestration plan before tool execution to coordinate
tool selection, execution ordering, parameter instantiation, and
execution validation under operational constraints.

The strategy-planning agent constructs an executable or-
chestration plan by jointly optimizing tool selection and exe-
cution order while enforcing capability compatibility, parame-
ter completeness, dependency constraints, permission require-
ments, and execution-risk control. The planning process is
formulated as:

S§* = argmax > > R(p0lqDy)

heH (p,0)ES)
1<|Sh <5, 0EC(p).

The resulting orchestration plan is translated into executable
commands or automation playbooks. Write operations are
further guarded through sandbox verification and explicit hu-
man confirmation, ensuring reliable deployment in production
supercomputers.

“4)

S.t.

IV. EVALUATION

This section evaluates KnowLution through the following
research questions (RQs):



e RQ1: Does KnowLution outperform existing methods?
+ RQ2: What contributes to KnowLution’s performance?

A. Settings

1) Dataset: As summarized in Table I, we constructed
a proprietary benchmark comprising 200 anonymized op-
erational tasks derived from real-world production tickets.
The benchmark spans three operational dimensions and ten
representative task categories, with the category distribution
preserved from the source ticket corpus. It includes both
routine diagnostic and advisory requests and tasks requiring
tool-assisted execution.

2) Baselines: We compare KnowLution with five represen-
tative baselines covering different paradigms of intelligent op-
erations. Specifically, LLM-only employs Qwen3 [32] without
external knowledge or tool support. RAG-only augments LLM
reasoning with operational knowledge. ReAct [2] interleaves
reasoning with tool invocation. EasyTool [33] further sup-
ports structured tool selection and parameterized invocation.
MetaGPT [7] represents role-based multi-agent collaboration
with task decomposition and workflow coordination. These
methods represent progressively stronger capabilities in knowl-
edge retrieval, tool utilization, and multi-agent collaboration.

3) Metrics: We evaluate KnowLution using three metrics:
task completion, response quality, and execution reliability.

Task Success Rate (TSR) measures the proportion of
successfully completed tasks:

TSR = —ucces (5)

where Ngyccess and Niorag denote the numbers of successful and
total tasks, respectively.
Response Generation Quality is measured by BLEU-4:

N
BLEU = BP-exp | Y _wylogpy | , (6)

n=1

where p,, is the n-gram precision, BP is the brevity penalty,
and w,, is the corresponding weight.
Tool Execution Success Rate (TESR) evaluates execution
reliability:
Nyalia

N, attempt

TESR = , (7N
where Nyaiig and Nygemp: denote the numbers of successful and
attempted tool executions, respectively.

B. Overall Performance (RQI)

Table II compares KnowLution with representative base-
lines. KnowLution achieves the highest TSR (85%) and
BLEU-4 (25.7), outperforming the best baseline (ReAct) by
26 percentage points in TSR. These improvements demon-
strate that combining workflow routing, state-aware retrieval,
and execution-aware tool orchestration is substantially more
effective than using retrieval, tool invocation, or multi-agent
collaboration alone.

TABLE I
STATISTICS OF OPERATION TASK TYPES.

No. Problem Task Category #Tasks Proportion in
Dimension Real Tickets
1 Knowledge-based Q&A 46 23.00%
User Support ~ support
2 Job runtime management 33 16.50%
3 Account and permission 45 22.50%
management
4 System monitoring query 3 1.50%
5 System Alert and anomaly handling 4 2.00%
6 Operations  System software 13 6.50%
environment configuration
7 System service maintenance 27 13.50%
8 Node resource maintenance 12 6.00%
9 MResource Storage-related handling 7 3.50%
anagement
10 Resource scheduling update 10 5.00%
and optimization
Total 200 100.00%

TABLE I
PERFORMANCE COMPARISON OF DIFFERENT BASELINE METHODS.

Method TSR (%) BLEU-4
LLM-only 17% 3.5
RAG-only 51% 5.9
ReAct 59% 5.3
EasyTool 49% 3.8
MetaGPT 45% 53
KnowLution (Ours) 85% 25.7

Fig. 3 shows that KnowLution maintains practical latency
despite introducing runtime perception and execution valida-
tion. Its average latency (28.47s) is substantially lower than
EasyTool (72.18s) and remains competitive with MetaGPT
(38.47 s), demonstrating a favorable balance between execu-
tion quality and deployment efficiency.

Fig. 4 reports the execution reliability. ReAct and EasyTool
perform redundant tool invocations (90 and 98 calls for 80
required tasks), achieving success rates of only 60.0% and
46.9%, respectively. In contrast, KnowLution completes 70 out
of 76 tool invocations (92.0%), demonstrating that workflow
routing and execution-aware tool orchestration effectively re-
duce unnecessary invocations.

C. Ablation Study (RQ2)

Table III shows that all three components contribute to
KnowLution’s performance. Removing Tool Orchestration
causes the largest decrease in TSR, from 85% to 54%,
demonstrating that reliable task completion depends critically
on validating and coordinating executable actions. Removing
Workflow Routing reduces TSR to 72%, highlighting the
importance of mapping operational requests to structured
workflows for multi-stage coordination. Removing State-aware
Retrieval lowers TSR to 78%, confirming that grounding de-
cisions in runtime states and operational knowledge improves
contextual correctness.
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All ablated variants also exhibit substantial decreases in
BLEU-4, from 25.7% to 5.4-8.5%. Notably, Workflow Rout-
ing has the greatest impact on response quality, whereas Tool
Orchestration contributes most strongly to task completion.
These results demonstrate the complementary roles of the three
components: workflow routing structures operational tasks,
state-aware retrieval grounds decisions in the current execution
context, and tool orchestration translates these decisions into
reliable actions.

TABLE III
ABLATION RESULTS OF KNOWLUTION.

Method TSR (%) BLEU-4 (%)
w/o Workflow Routing 72 54
w/o State-aware Retrieval 78 8.2
w/o Tool Orchestration 54 8.5
KnowLution 85 25.7

V. DEPLOYMENT EXPERIENCE

During deployment on the Tianhe-NG supercomputer,
KnowLution operated entirely within the center’s intranet and
assisted operators with routine production tasks, while requir-
ing human confirmation for write operations. Post-deployment

feedback showed that 81.5% of the participating operators
considered its recommendations more reliable, 77.8% reported
improved awareness of runtime system states, and 74.1%
found that it simplified tool usage. Overall, the feedback sug-
gests that runtime grounding and unified tool access improved
support for daily operations and reduced the perceived effort
required for troubleshooting.

A typical job-failure handling case further illustrates how
KnowLution supports execution-oriented operational tasks in
production supercomputing environments. The following cases
show how operational requests are transformed into diagnosis
and execution workflows through multi-agent collaboration.

1) Case 1: Job Aborted: A user reported that an HPC job
terminated unexpectedly after submission. KnowLution first
collected scheduler information, execution logs, and job status
through the system awareness agent. The anomaly analysis
agent identified an out-of-memory failure caused by insuffi-
cient requested memory. Based on the diagnosis, the strategy
planning agent recommended increasing memory allocation or
MPI parallelism, after which the job completed successfully
with the updated configuration.

2) Case 2: Program Performance Analysis and Optimiza-
tion: A second deployment scenario involves a parallel HPC
application (miniWeather) exhibiting abnormal execution per-
formance. KnowLution collected runtime logs, scheduler in-
formation, and system states, and systematically examined
multiple potential bottlenecks. After ruling out CPU/memory
utilization and storage quota issues, it identified excessive I/O
operations as the primary performance bottleneck. KnowLu-
tion then generated optimization recommendations by reduc-
ing unnecessary I/O overhead through output configuration
optimization, leading to improved application performance.

Together, these deployment results demonstrate that Know-
Lution can effectively bridge runtime awareness, operational
knowledge, and executable decision-making, enabling reliable
autonomous assistance for production supercomputing opera-
tions.

VI. CONCLUSION

This paper presented KnowLution, a multi-agent frame-
work for execution-oriented autonomous operations in produc-
tion supercomputers. By combining workflow routing, state-
aware retrieval, and execution-aware tool orchestration, Know-
Lution enables reliable closed-loop execution from natural-
language operational requests to safe tool invocation. We
constructed a production-derived benchmark containing 200
representative operational tasks and conducted comprehensive
evaluations against representative baselines. Experimental re-
sults demonstrate that KnowLution consistently improves task
success and tool execution while maintaining engineering-
practical response latency, validating its effectiveness for pro-
duction supercomputing environments. In future work, we will
investigate self-evolving agent collaboration and adaptive tool
orchestration to further improve autonomous operations in
dynamic production environments.
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