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ABSTRACT

Database Operations and Maintenance (O&M) is a critical but com-

plex and labor-intensive task. Recent LLM-based assistants promise

to lower the barrier by reading manuals/tickets and exploring di-

agnostic search trees. However, existing LLM-based solutions fall

short due to fundamental limitations in learning from expert demon-

stration. Such design fails to internalize domain dynamics (how

interventions change plans, resources, etc.), and struggles under

workload and statistics drift. To address this, we present DBAgent,
an autonomous agent for Huawei Cloud Data Warehouse Service

(DWS) integrated with Autopilot (DWS ’s production monitoring,

alerting, and auto-remediation service). DBAgent consumes DWS

telemetry (e.g., KPIs and execution plans) and Autopilot alerts to

diagnose and remediate incidents in production clusters. DBAgent
emulates an expert’s iterative Think–Act–Observe problem-solving

loop with a policy trained via reinforcement learning (RL). It cou-

ples dynamic tool use for information gathering, a multimodal

perception module for database-native signals, and an RL-based rea-

soning engine that plans, verifies, and generates evidence-grounded

remediation recommendations. Extensive experiments show that

DBAgent handles a broad range of complex O&M tasks. It surpasses

the strongest baseline by +23% success rate and produces evidence-

grounded reports with low hallucination (∼5%) on DWS benchmark.
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（a）DBA Requests Breakdown （b）Analysis of Task Complexity on O&M Tasks

Figure 1: Understanding the landscape of DBA operations:

(a) Breakdown of diverse DBA request types; (b) Analysis of

Avg. Diagnostic Turns (ADT), Tools Invoked (Tools), Metric

Columns Correlated (MCC) for complex DBA O&M tasks.

1 INTRODUCTION

Modern cloud data platforms increasingly hinge on productized,

end-to-end operations.Huawei CloudDataWarehouse Service (DWS),
a cloud-native, distributed database, supports business-critical ana-

lytics and services, where sustained performance and availability

depend on rigorous Operations and Maintenance (O&M). Within

DWS, Autopilot serves as the operational backbone, consolidating
telemetry, KPI dashboards (e.g., system and workload indicators),

and alerting across clusters. Yet transforming these signals into

correct and timely actions remains challenging: practitioners must

reason about the interplay of DWS ’s architecture and resource

policies, evolving multi-tenant workloads, and dynamic execution

contexts. They must perform root-cause analysis, tune queries and

plans, and recommend safe configuration changes manually. These

product-level constraints jointly shape system behavior and per-

formance, making O&M in DWS both high-stakes and intrinsically

complex, and motivating intelligence that can understand, reason

and act within the DWS environment.

Manual O&M.Traditionally, Database Administrators (DBAs) have

been responsible for handling these critical operational tasks. An

analysis of internal data from DWS reveals the demanding land-

scape of their work. As shown in Figure 1(a), the O&M works are

remarkably diverse, spanning system overload diagnosis (31% of
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requests), query performance tuning (23%), and customer consul-

tation (21%). This breadth requires DBAs to possess deep domain

knowledge across various aspects of the database system, from

resource contention issues like I/O slowdown to the intricacies of

SQL execution plans. Beyond their diversity, these responsibilities

are complex and time-consuming. This nature is a direct result of

the laborious diagnostic process DBAs must undertake. These tasks

typically require multiple turns of reasoning and action, frequent

invoking of tools, and correlation of heterogeneous signals, which

is illustrated in Figure 1(b). For example, query tuning averages 8.4

turns, 6.2 tools, and 27 correlated metrics.

Autonomous O&M. Motivated by the cost and latency of manual

operations, recent work seeks to automate O&M with data-driven

assistants. Recent deep models analyze high-dimensional metrics [8,

21, 25, 26] and fuse heterogeneous signals [18, 28]. However, they

are typically task-specialized (e.g., root-cause classifiers), limiting

generalization across diverse O&M scenarios.

To enable more comprehensive automation and lower the opera-

tional threshold, recent systems introduce LLMs as agents or as a

general reasoning backbone [3, 7, 32, 40]. These approaches center

on injecting domain knowledge into pretrained LLMs and fall into

two families: (i) RAG-grounded agents [3, 7, 32], which retrieve

manuals, documentation, and tickets at inference time to ground

decisions; and (ii) tree-search agents which orchestrate diagnosis

through LLM-guided tree search rather than free-form reasoning:

at each step, the LLM scores and expands candidate nodes drawn

from a fixed library of templated subtasks and tool calls. D-Bot [40],

exemplifies this design, coupling retrieval/tool access with LLM-

steered expansion and relying on periodic “reflection” (typically

once after each subtask). While LLMs lower the operational thresh-

old, this paradigm constrains the agent’s diagnostic behavior space.

It remains bounded by the scoring heuristics and the templated

action set, yielding rigid behavior under distribution shift and novel

incidents that require sustained, adaptive reasoning.

In essence, the fundamental idea of current O&M agents is to

learn from expert demonstrations—either by injecting retrieved

knowledge or by conducting expert-designed tree search. This par-

adigm has two core limitations.

Limitation (1). Demonstration-driven behavior tends to overfit seen

patterns and suppress exploration of alternative remediation se-

quences or trade-offs. For a slow query, for instance, a scripted

recipe may default to (a) increasing work_mem or (b) creating an

index. On the one hand, higher work_mem can reduce spill but risks

memory pressure under concurrency. On the other hand, an index

may speed up the target query yet degrade write-heavy work-

loads. Therefore, remediation is not a single step but an evidence-

conditioned sequence whose order and branching depend on live

signals (e.g., pg_stats, EXPLAIN ANALYZE, wait events). Expert
rules canonize one or two default moves, ignore order sensitivity

and trade-offs, and thus fail to adapt when the underlying cause

demands a different sequence of diagnostics and fixes.

Limitation (2). Executing O&M tasks (e.g., adjusting work_mem or

issuing VACUUM) reveals how each change affects the system. We

refer to each such change as an action by the agent, and the result-

ing outcomes expose action–effect regularities. However, existing
agents do not internalize these learnable regularities. For example,

issuing VACUUM FULL during peak traffic can amplify locks and stall

short-latency workloads; repeatedly forcing hash joins under key

skew inflates spill and I/O wait. Internalizing these dynamics helps

in two ways. The agent can predict side effects before making a

change and adjust the order of hypotheses when new evidence

arrives. It also carries experience across incidents, enabling transfer

to new cases that share similar patterns. By contrast, expert rules

cannot cover the combinatorial interactions of configs, data drift,

and cache state, many of which are context-dependent.

Therefore, an effective O&M decision strategy must internalize
and adapt these dynamics (e.g., VACUUM FULL→ lock contention)

and explore beyond demonstrated paths, guided by live operational

feedback. Moreover, recent evidence suggests that context alone

is insufficient: even with explicit domain knowledge in-context,

frontier LMs often fail to apply it reliably [10].

We argue that the key is to learn from experience, i.e., training
the decision strategy on the outcomes of its own actions, not just

on demonstrations. Through multi-step diagnostic trials, the agent

explores alternative action sequences and uses feedback to quan-

tify their trade-offs. This reduces overfitting to scripted recipes.

The agent also internalizes action–effect regularities, e.g., raising

work_mem reduces spill but increases memory pressure. Then it

adjusts its behavior based on feedback and expected consequences.

To this end, we present DBAgent, an LLM-based O&M agent

driven by experience learning. We make two designs:

Design (1). Database O&M is not a single, linear task, but an iterative

cycle of forming hypotheses, conducting investigations, and veri-

fying findings. Therefore, we construct DBAgent as a multi-round

interactive agent to unify O&M tasks and emulate this loop. The

agent’s core operational loop is defined by a Think-Act-Observe

cycle, inspired by ReAct [35]. We give an example as shown in

Figure 2. Faced with an operational issue (e.g., “Diagnose query

performance”), the agent first Thinks, generating an internal hy-

pothesis and a corresponding action plan (e.g., “I need to check for

system resource contention by examining CPU and I/O metrics”).

This thought drives an Action, such as invoking a tool to query the

relevant metrics from the database. The tool’s output becomes the

Observation, which the agent then uses to inform its next thought,

either to drill down further or to pivot to a new hypothesis.

Design (2). Although we adopt the powerful LLM as the core rea-

soning engine, making the Think-Act-Observe cycle practical is

non-trivial. We operationalize the O&M ReAct framework with

three cooperating modules: (1)Knowledge & Tools Layer exposes

both static domain facts and live context through a unified inter-

face. We distill manuals and tickets into a structured knowledge

base of key facts and causal links. And we wrap low-level system

commands (metric/log queries, EXPLAIN ANALYZE, config reads) as

safe, high-level tool APIs so the agent can retrieve evidence at any

step. (2) Perception Layer turns raw tool outputs into summaries

tailored to data modality, including robust spike/trend summaries

for time-series KPIs and compact plan analysis from EXPLAIN. So
downstream reasoning consumes clean signals rather than verbose

artifacts. (3) RL-based Reasoning provides the control logic. It

proposes a hypothesis and plan, selects the next probe or remedy,

incorporates observations to revise the hypothesis, and justifies the

final decision with gathered evidence. We utilize Reinforcement
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User Goal (G)：
Diagnose query performance

Agent Iterative Loops

<think>Check resource bottlenecks</think>

<tool_call>Get_System_Metrics()</tool_call>

<tool_response>Abnormal IOPS

and excessive temp files</tool_response>

<think>Why temp files? Check plan</think>

<tool_call>Analyze_Query_Plan()</tool_call>

<tool_response>Execution 

plan has degraded</tool_response>

<think>Root cause found, find solution</think>

<tool_call>Knowledge_Base_Search()</tool_call>

<tool_response> Knowledge base 

returns suggestions</tool_response>

<think>Integrate info, 

generate final solution</think>

<answer>Root-Cause is poor 

index usage; Solution is Bind 

Plan, Create Index</answer>

Round 1 Round 2 Round 3 Round 4

Figure 2: An example of a DBAgent reasoning chain.

Learning (RL) to optimize control logic based on rule-based feed-

back. Our RL algorithm encourages informative probing, factual

grounding, and consistent long-horizon behavior. Together, these

modules realize an O&M agent that executes general-purpose diag-

nostic and remediation processes without pre-scripted rules and

learns from experience.

To conclude, we make the following contributions:

• We propose DBAgent, a deployed O&M agent integrated into

DWS Autopilot, which provides unified support for query tuning,

system diagnosis, health checks, and consultation.

•We design a curated knowledge and tool layer and database-signal

perception layer for heterogeneous database-native signals.

• We model O&M as a Think–Act–Observe interaction process

and train a tool-using reasoning policy with RL and rule-based

process rewards distinguishing our approach from RAG-grounded

and tree-search agents.

• We construct a DWS-derived replayable benchmark, compare

against strong baselines and report real-world deployment results.

2 RELATEDWORK

Autonomous Database Diagnosis.Autonomous database diagno-

sis has evolved from rule-based expert systems [2, 9, 14, 16, 24, 36]

to ML/DL-based methods that detect or attribute anomalies from

database metrics and heterogeneous signals [7, 8, 13, 18, 21, 25–28].

These methods are effective for specific diagnosis tasks, but are

often designed as detectors or classifiers and require task-specific

features or labels. Recent LLM-based systems further introduce

retrieval and tool use for database or cloud diagnosis, including

Panda [32], RCACopilot [7], and D-Bot [40].

Panda and RCACopilot mainly ground a diagnostic inference

with retrieved documents, logs, traces, or metric snapshots, while D-

Bot is closer to our setting because it performs iterative diagnosis

with tools through an LLM-guided search tree. DBAgent differs

in its control mechanism: both KB retrieval and diagnostic tools

are selected as actions by a unified Think–Act–Observe policy,

and the policy is optimized with RL feedback from interaction

outcomes rather than only following a fixed retrieval prompt or a

hand-designed subtask tree.

Autonomous Configuration Tuning. Autonomous configura-

tion tuning optimizes database parameters for predefined objectives

such as latency or throughput. Representative systems include ML-

based tuning such as OtterTune [33], Bayesian optimization meth-

ods [12, 38], and RL-based tuning systems [23, 37]. These systems

are complementary to DBAgent: they mainly optimize configura-

tion choices under a target workload, whereas DBAgent focuses

on diagnosing diverse natural-language O&M requests, collecting

evidence through tools, and producing grounded root-cause and

remedy reports. Recent LLM-based tools such as Andromeda [3]

use RAG over technical documents for configuration debugging,

while DBAgent targets broader O&M tasks.

3 PRELIMINARIES

3.1 Database Operation and Maintenance

The daily operation of DWS involves specialized O&M tasks that

sustain performance, ensure high availability, and preserve system

reliability. Based on the distribution in Figure 1(a), we group DBA

workloads into four representative categories:

• Routine Database Inspection. Proactively verify cluster health

by monitoring node-level CPU, memory, storage, and I/O, and by

querying system views to uncover latent risks (e.g., data skew, high

dirty-page rates) before they impact service.

• Query Performance Tuning. Optimize distributed SQL execu-

tion by analyzing query plans to mitigate performance bottlenecks.

A commonworkflow is to use a Top SQL view to locate slow queries,

then inspect their execution plans for inefficiencies like costly data

redistribution between nodes.

• System Overload Diagnosis. Perform root-cause analysis under

resource saturation by synthesizing evidence from performance

metrics, logs, and workload history to isolate cluster-wide instabil-

ity or node-level failures.

• Database Consultation. Provide evidence-backed recommen-

dations and system feature explanations tailored to the cluster’s

configuration and workload. Complex consultation tasks often re-

quire synthesizing insights from multiple documents. For example,

to answer "Can I limit CPU and memory usage for a single query

in DWS?", one must consult workload-management documenta-

tion for query-level memory controls, then review resource-pool

materials to clarify the granularity of CPU limitations, and finally

integrate findings to conclude that per-query CPU hard-capping is

unsupported while memory can be constrained.

3.2 Data Sources

We categorize data sources into two types: (i) for training and

evaluation; and (ii) for O&M analysis.

1. Symptom: On 2025/6/2 22:17 (cluster: …, project ID: …), users 
reported query latency spiking from ~300ms to >15s, …
2. Initial Analysis: Recent changes suggest three likely causes: (a) an 
unoptimized large transaction causing lock contention, or (b) …
3. Validation: Primary CPU usage was stable (<60%), ruling out 
resource exhaustion. pg_stat_activity revealed a 40+ minute 
uncommited transaction (PID 12845) …
4. Root Cause & Remedies:  Root cause: Missing index on ’batch_id’. 
Resolution: Added a single-column index on batch_id and ….

Operation and Maintenance Ticket

Figure 3: An example of an O&M ticket.
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3.2.1 Data Sources for Training and Evaluation. We use O&M tick-

ets as the training and evaluation benchmark. O&M tickets originate

from real production incidents and record the diagnostic trace of

human experts. As shown in Figure 3, a typical ticket usually in-

cludes the (1) symptom, (2) initial analysis, (3) validation, (4) root

cause and remedies. During diagnosis, the ticket captures the entire

process by which DBAs obtain and analyze KPIs, query plans, logs,

and other relevant information from the customer database cluster.

Finally, it describes the confirmed root cause along with remedies.

3.2.2 Data Sources for Analysis. Our agent consumes the same

product surfaces that DWS engineers use in production, integrated

through DWS and its Autopilot stack. These sources provide suffi-

cient signals for diagnosis and safe remediation.

(1) Textual Knowledge Corpus. It comprises semi-structured and un-

structured sources used by DBAs for diagnosis and operations.

Semi-structured content is lightly organized (hierarchies/indices),

e.g., product documentation, internal O&M manuals, and standard

operating procedures. Unstructured content is free-form without a

uniform schema, e.g., community Q&A, technical blogs.

(2) Operating System-Level Metrics. Structured OS/hardware time-

series capturing resource supply and pressure: 9 CPU metrics (uti-

lization, idle percentage, context switches), 8 memory metrics (to-

tal/used memory, page faults), 8 disk metrics (usage, IOPS, through-

put), and 8 network metrics (throughput, retransmits, connections).

(3) Database System-Level Metrics. It comprises two types:

• Query and Workload Metrics. Structured time-series/log data

covering 30 transactional metrics (commit/rollback, sessions, lock

waits), 70 Top SQL metrics (SQL/plans, runtime, I/O), query logs

(timestamps, results, errors), and 54 resource-pool telemetrymetrics

(CPU, fast/slow_wait, read/write_speed).

• Metadata and Configuration. Semi-static metadata on data-

base structure and operating parameters, covering 37 schema fields

(tables, indexes, partitions), 13 statistical descriptors (row counts,

histograms, NDV), configuration (GUCs; e.g., shared_buffers),
and 12 resource-policy settings (WLM queues, resource groups,

connection pools).

3.3 Problem Definition

We consider four DBA O&M categories defined in §3.1. For each

category 𝑘 ∈ K , we assume: (i) a finite root-cause label space C𝑘 ;
(ii) a remedy spaceM𝑘 (e.g., parameter change, SQL/index rewrite,

capacity action).

An O&M incident/task is a tuple I = (𝑘, Σ, 𝜎, 𝑐∗,m∗), where
𝑘 ∈ K is the category, Σ is a frozen, read-only snapshot of the

DB/system state (metrics, logs, plans, configs) detailed in §5.3.1 or

reference documentation, 𝜎 is a short natural-language symptom

description, 𝑐∗ ∈ C𝑘 is the expert root-cause label, and m∗ ∈ M𝑘 is

the ground-truth remedy specification used for verification.

Let U denote the catalog of callable tools. Each tool 𝑢 ∈ U
returns reproducible observations from Σ or documentation from

knowledge base. After a finite number of interactions via tool calls,

the agent produces a final report 𝑌 = (𝑐, m̂,𝑉 ), where 𝑐 ∈ C𝑘 is the

predicted root cause; m̂ is a concrete remedy specification (either

a single remedy 𝑚̂ ∈ M𝑘 or an ordered list m̂ = ⟨𝑚̂1, . . . , 𝑚̂𝑚⟩
with 𝑚̂𝑖 ∈ M𝑘 ). and 𝑉 records the complete diagnostic process for

secondary analyses and does not enter the pass/fail criterion.

Agent 𝜋!
Think-Act-Observe

Environment
Σ, 𝛨

𝑠" = 𝒰, 𝑉"
𝑉!"# = 𝑉!⊕ (𝑢, 𝑎𝑟𝑔𝑠, 𝑜!"#)

𝑎!: 𝑡𝑜𝑜𝑙 𝑢, 𝑎𝑟𝑔𝑠 	
𝑜𝑟	𝑅𝐸𝑃𝑂𝑅𝑇

ℛ(𝑠!, 𝑎!)

REPORT ⇒ terminal state

Figure 4: CompactMDPview for aI: the agent takes an action

(tool or Report), the environment returns observation and

reward, and the diagnostic state 𝑉𝑡 updates.

Let 𝐻 be the verifier that determines success for a proposed

report. The verifier returns pass iff the predicted cause matches the

ground truth and the remedy check succeeds:

𝐻 (𝑌 ; Σ) =
{︃
1, if 𝑐 = 𝑐∗ and 𝐻 rem (m̂; Σ) = 1,

0, otherwise.
(1)

Let 𝜈 ∈ {0, 1} indicate whether I is executable verification (e.g.,

query rewrites). We define 𝐻 rem
as:

𝐻 rem =

{︄
1, if 𝜈 = 1 and Lat(m̂; Σ) ≤ 𝑡ref and Out(m̂) = Out(ref),
1, if 𝜈 = 0 and m̂ ≡ m∗,
0, otherwise.

Here Lat(m̂; Σ) and Out(m̂) denote the latency and execution result
after applying m̂ in Σ, while 𝑡ref and Out(ref) denote the latency and
result before remedy application. The symbol ≡ is the per-incident

equivalence relation for non-executable remedies (capturing fixed

normalization such as aliases, units, and benign reorderings) de-

tailed in §5.3.1.

We sayI is solved iff𝐻 (𝑌 ; Σ) = 1. Given a test setD, the primary

metric is the Success Rate:

SR =
1

|D |
∑︂
I∈D

𝐻 (𝑌 ; Σ), (2)

reported overall and per-category (macro-averaged across K).
We additionally report complementary process metrics based

on the agent’s cumulative diagnostic state 𝑉 ; e.g., a hallucination
rate that checks whether claims in the final report are supported

by tool observations from Σ.
Objective. Let Π be the family of agent policies under comparison.

The goal is to find 𝜋∗ ∈ argmax𝜋 ∈Π SR(𝜋,D),with model selection

on a held-out split and final reporting on D.

Limitation. In production, the closed label spaces are used only

for automatic verification and offline evaluation. DBAgent is not

forced to choose a known cause when evidence is insufficient. We

maintain an explicit escalation path: if the retrieved evidence and

verifier checks are inconsistent, the agent emits an “insufficient

evidence” report and routes the incident to human DBAs.

3.4 O&M as a Markov Decision Process

We model database O&M as an MDP (S,A,T ,R, 𝛾) [1] (Figure 4),
where the policy 𝜋𝜃 invokes tools in the environment (Σ, 𝐻 ) and is

optimized from reward feedback.

• State S. A state 𝑠𝑡 ∈ S contains only information visible at

step 𝑡 : 𝑠𝑡 = (U, 𝑉𝑡 ), where 𝑉𝑡 is the diagnostic state accumulated

up to step 𝑡 , comprising the initial symptom 𝜎 and all previous

tool-observation pairs, with 𝑉0 = [𝜎].
• Action A. An action 𝑎𝑡 ∈ A takes one of two forms: (i) tool

invocations (𝑢, args) with 𝑢 ∈ U (e.g., Get_System_Metrics()), or
(ii) a terminal Report action that emits the final report𝑌 = (𝑐, m̂,𝑉 )
as defined in §3.3.
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Sub-tasks
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& Solution

Multi-turn dialogue Database Environment

Hierarchical Knowledge Base
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Action: Tool API
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Time

KB API
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Trend Detector
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Spike Detector
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in IOPS at …
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…

Multi-Modal Agent
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DB 
Data Dist

Dirty Page

…

Indicators

Alerts

Dashboard

OS

Database

Spike

Slow SQL

Trend

…

DWS

Customer

Clusters

Figure 5: DBAgent framework overview.

• Transition T . The kernel T (𝑠𝑡+1 | 𝑠𝑡 , 𝑎𝑡 ) updates the revealed
view. For a tool action, it returns an observation 𝑜𝑡+1 = 𝑢 (Σ, args)
and sets 𝑉𝑡+1 =𝑉𝑡 ⊕ (𝑢, args, 𝑜𝑡+1). The Report action transitions

to a terminal state.

•RewardR. The reward provides feedback (§5.3.2), with a terminal

component aligned to the success definition in §3.3.

• Discount 𝛾 .We use 𝛾 = 1 for these episodic interactions.

For an MDP, a policy 𝜋 maps states to action distributions, 𝜋 (𝑎𝑡 |
𝑠𝑡 ). A trajectory is 𝜏 = (𝑠0, 𝑎0, 𝑠1, 𝑎1, . . . , 𝑠𝑇 ) generated by sampling

𝑎𝑡 ∼ 𝜋 (· | 𝑠𝑡 ) and 𝑠𝑡+1 ∼ T (· | 𝑠𝑡 , 𝑎𝑡 ) until the terminal Report

action at step 𝑇 . The agent maximizes the expected cumulative

reward: 𝜋∗ = argmax𝜋 E𝑎𝑡∼𝜋 ( · |𝑠𝑡 ), 𝑠𝑡+1∼T(· |𝑠𝑡 ,𝑎𝑡 )
[︂ ∑︁𝑇−1

𝑡=0 R(𝑠𝑡 , 𝑎𝑡 )
]︂
.

At termination, the environment computes a success indicator using

𝐻 and (𝑐, m̂), yielding the terminal component of the return.

4 FRAMEWORK OVERVIEW

4.1 Overall Architecture

DBAgent employs an LLM as the core policy that plans, decides,

and explains its reasoning, while surrounding it with three tightly-

coupled modules (Figure 5). (i)Knowledge &Tools Layer (§ 5.1): It

exposes a curated, queryable knowledge base and a suite of callable

OS/DB tools, which covers (a) knowledge retrieval, (b) live metric

acquisition at OS/DB levels. (ii)Multi-Modal Agent (MMA) (§ 5.2):

It is a modality-specific perception layer for database-native signals

(time-series KPIs, execution plans, and textual snippets). It converts

database-native signals into concise, structured natural-language

observations. The MMA provides perception primitives: anomaly

detection for KPIs and structure-aware plan analysis, feeding com-

pact textual evidence back to the policy. (iii) RL-based Reasoning

Engine (§ 5.3): It optimizes the core policy based on RL to maxi-

mize O&M success rate, strengthening multiple capabilities, such

as multi-step tool use and evidence-grounded report quality. Specif-

ically, we use Group Relative Policy Optimization (GRPO) [30] as

the RL algorithm under a multi-component reward.

We train the DBAgent policy by trial and error in a reproducible

environment that mirrors production tool interfaces including

Autopilot-defined KPIs and DWS native views (Top SQL, WLM,

etc). Each episode begins from a snapshot (containing metrics, logs,

execution plans, configurations). The DBAgent policy proposes in-

termediate analyses and final report. A task-specific verifier returns

scalar rewards reflecting success. DBAgent updates its policy based

on the feedback. As the feedback loop repeats, DBAgent improves

Algorithm 1 Think–Act–Observe loop

Require: symptom 𝜎 , tool catalog U, KB API, snapshot Σ, policy 𝜋𝜃
1: 𝑉0 ← [𝜎 ]
2: for 𝑡 = 0, . . . ,𝑇 − 1 do

3: 𝜋𝜃 generates <think> and one of:

(a) <tool_call> Knowledge_Base_Search(type, query)
(b) <tool_call> metric/plan/config/log tool

(c) <answer>
4: if an <answer> is generated then

5: return final report

6: end if

7: MMA summarizes environment raw result into observation 𝑜𝑡+1
8: 𝑉𝑡+1 ← 𝑉𝑡 ⊕ (action, 𝑜𝑡+1 )
9: end for

10: return timeout or escalation report

its policy to achieve a higher success rate. Note that we do not

provide any handcrafted task rules for DBAgent to achieve the task.

After training, DBAgent can be executed on held-out scenarios
and symptoms/causes without learning to assess generalization.

It must diagnose and remediate with the same tool APIs and re-

porting protocol, without prior exposure to those specific cases.

We empirically validate its out-of-distribution generalization on

a held-out split that withholds entire root-cause scenarios from

training in §6.2.2. Accordingly, DBAgent is deployed in DWS ’s

Autopilot auto-diagnosis pipeline to handle alerts and recommend

evidence-grounded remedies in production.

4.2 End-to-End Inference Process

DBAgent executes a single serialized Think–Act–Observe dialogue.

At step 𝑡 , the policy conditions on the current trajectory 𝑉𝑡 and

emits a <think> block followed by either a <tool_call> or a ter-
minal <answer>. Tool calls include both diagnostic APIs and the

KB retrieval API Knowledge_Base_Search. Their raw outputs

are converted by the MMA into <tool_response> observations

and appended to the trajectory. Figure 2 shows a concrete query-

performance diagnosis example, and Algorithm 1 summarizes the

generic loop. The same rollout format is used during RL training,

where trajectories are scored by the reward components in §5.3.2.

5 DBAGENT

5.1 Knowledge Base and Tool Construction

To acquire both static knowledge and real-time data, DBAgent
adopts a unified function-calling paradigm [29] that exposes its

curated knowledge base and environmental tools as callable APIs.

Unlike conventional RAG pipelines [3] that pre-inject retrieved

passages into the prompt via fixed retrievers, our policy initiates

retrieval itself during reasoning: at each turn, it decides whether to
retrieve, what to query, and which API to call. This agent-driven

knowledge injection makes DBAgent more flexible and versatile.

5.1.1 Knowledge Base Construction. The foundational knowledge
for DBAgent is derived from a vast corpus of human-oriented tex-

tual information for DWS, including user manuals, operational

guides, and historical maintenance tickets. As this raw information

is often too verbose and unstructured for direct use by an LLM, we

implement a systematic curation process to bridge this gap. This
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process, which involves three main steps, converts the raw doc-

umentation into a concise and structured knowledge source that

DBAgent can actively query during problem-solving.

(1) Classification. We first categorize the documents based on their

function within a typical diagnostic workflow. It mirrors the logical

steps an agent would take, from gathering initial facts to finding

a final solution. The distinct categories include: configuration pa-

rameter manuals ("configuration"), troubleshooting solutions

("solution"), best practice guides ("guide"), and foundational

factual knowledge ("fact"). This taxonomy allows the agent to

perform highly targeted searches at different stages of its reasoning

process. For instance, it might first query for "fact" or "guide"
to understand the system architecture before checking a specific

"configuration" setting.
(2) Semantic Refinement. Since raw documentation is often lengthy

and narrative-driven, we employ semantic chunking techniques to

make it digestible. Our approach is adaptive: for narrative-heavy

content like guides and solutions, we use recursive chunking to

break down documents into smaller, semantically coherent para-

graphs. For structured content, particularly configuration manuals,

we apply a more structure-aware method. This involves segmenting

the information by individual parameters or tables, ensuring that a

parameter’s description, default value, and range are kept together

as a single, logical unit.

(3) Causality and Fact Extraction. Finally, from these refined chunks,

we distill key information into a format that is both concise and
actionable. In this way, the knowledge is efficient to process and

directly useful for decision-making.

To achieve conciseness, we employ summarization and entity

extraction to distill verbose text into its essential entities and their

relationships by removing narrative filler. For instance, a lengthy

configuration parameter description is condensed into a structured

object containing only its name, value range, and functional impact.

More importantly, we make domain knowledge actionable by
structuring it for the Think–Act–Observe loop. Concretely, we ap-

ply a hybrid extraction pipeline (LLM-based parsing plus heuristics)

to operational guides and historical maintenance tickets, yielding

records that (i) normalize symptoms (error codes, KPI anomalies,

degradation patterns), (ii) map them to candidate causes consis-
tent with the root cause label space C𝑘 , and (iii) bind them to ex-

ecutable actions in an action space A. It covers diagnostic probes

(e.g., targeted measurements, plan inspection, configuration checks)

or remedies (e.g., specific tool invocations with arguments). The re-

sulting entries are persisted as two catalogs: guide and solution.
For example, a record may encode Symptom: high query queue
times→ Candidate causes: {misconfigured WLM (slot limits), lock
waits, long-running transactions}→ Actions: [Get_WLM_Config(),
Get_Lock_Waits(), Get_Top_SQL()], which the policy can query

to form hypotheses and select the next tool.

5.1.2 Tool API Construction. To obtain data sources for analysis

(in §3.2.2), we build a suite of tool APIs that the agent’s reason-

ing engine can invoke. Each tool is accompanied by clear natural

language descriptions of its purpose, parameters, and output.

Our tool catalog is grounded in the administrator commands

routinely used by DBAs. However, these sources expose schema

oriented outputs (e.g., delta_tup_fetched) that lack linguistic

context and are hard for an agent to interpret. We therefore se-

mantically enrich each tool: LLM ingests (i) a formal specification

from manuals or view schemas and (ii) curated notes from the KB’s

fact/configuration sections, and synthesizes a compact NL de-

scription (purpose, interface, output schema) consumable by the

policy. For example, Get_Top_SQL() will extract DWS native view

PGXC_WLM_SESSION_INFO. It exposes schema such as session_id,
resource_pool and spill_info. Additional details in KB notes
(facts/config): spill_info value can be All or [a:b] and indi-

cates memory pressure or skew. Cross-check with plan buffers and

work_mem. Then the synthesized doc is: “Purpose: Inspect session-
level resource-pool assignment and spill distribution to explain

query latency or memory pressure. Interface: Get_Top_SQL(. . . )
→ TABLE<session_id, resource_pool, spill_info, . . . >”.
Based on the categories of data source in §3.2.2, tools include:

• Knowledge Retrieval: The agent queries the knowledge base

through a single API: Knowledge_Base_Search(kb_type: string,
query_string: string), which performs a similarity search and

returns the top-k (e.g., k=5) most relevant chunks as its observation.

•OS-Level Metric Acquisition: The agent retrieves operating sys-

tem metrics (CPU, memory, disk, and network) using a tool called

Get_System_Metrics(metric_type: string, start_time:
timestamp, end_time: timestamp).
• DB-Level Metric Acquisition: It includes 7 workload-related

tools, such as Get_Top_SQL(start_time: timestamp, end_time:
timestamp), which retrieves execution plans of specific queries

and diagnoses performance bottlenecks. It also includes 4 metadata

or configuration tools, such as Get_Schema_Info(object_type:
string, object_name: string, database_name: string), for
querying schema information of database objects like tables.

5.2 Multi-Modal Agent

To address perception limitation, we introduce a dedicated sub-

agent, the Multi-Modal Agent (MMA), that converts raw tool

outputs into structured natural-language observations for the core

policy. The MMA conditions on (i) the current diagnostic trajec-

tory (turn history), (ii) the observation data from the most recent

tool call, and (iii) a library of modality-specific analysis modules

including KPI anomaly detectors and query plan analyzers. Given

the modality type, it selects and applies the appropriate module

and emits a concise summary of findings. This summary serves as

the Observation for the next cycle of the Think–Act–Observe loop.

The MMA is designed for extensibility across both supported

modalities and analytical techniques. In our current implementa-

tion, it provides specialized modules for three data types. We skip

MMA for simple tool results like metadata and parameters, which

agents can understand directly.

Knowledge Base Results. When tools retrieve information from the

textual knowledge corpus, they may return multiple scattered facts

or lengthy passages. TheMMA processes these results, synthesizing

them into a coherent and condensed summary.

Time-series KPIs. To interpret KPI time series, we employ a sta-

tistically grounded pipeline to extract trends and detect anom-

alies [3, 15], rather than passing raw numeric sequences directly

to the LLM. For a given KPI with observations {𝑥𝑡 }𝑛𝑡=1, we apply
Seasonal–Trend decomposition via LOESS (STL) to obtain 𝑥𝑡 =
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𝑥 seas𝑡 + 𝑥 trend𝑡 + 𝑥 res𝑡 , where 𝑥 seas𝑡 captures seasonal structure, 𝑥 trend𝑡

captures long-term drift, and 𝑥 res𝑡 denotes the residual component.

Anomaly detection is then performed on {𝑥 res𝑡 } using a generalized
Extreme Studentized Deviate (ESD) procedure with robust location

and scale estimates (median and median absolute deviation, MAD),

which attenuate the influence of extreme points. The test iteratively

flags at most 𝑘max outliers at significance level 𝛼 , yielding a set of

anomalous indices 𝐼anom ⊆ {1, . . . , 𝑛}. Detected events are subse-

quently rendered as concise, natural-language observations that

reference the KPI, the time of occurrence, and deviation relative

to the seasonal–trend baseline (e.g., “CPU utilization exhibited an

anomalous spike at 10:35 AM”).

Query Plans. Raw query execution plans are intricate and deeply

nested, whichmakes them difficult for an LLM to parse and interpret

directly. To simplify and analyze this data, our agent employs a

structured two-stage procedure: Plan Extractor followed by Plan
Analyzer, that together implement Analyze_Query_Plan(). First,
the Plan Extractor parses the textual output of EXPLAIN and

normalizes it into an operator graph (typically a tree or DAG). Each

node represents a plan operator (e.g., HashJoin) and is populated

with attributes, including estimated and (when available) actual row

counts, cumulative and local costs, and relevant physical properties

(e.g., ordering, parallelism, or data distribution).

Subsequently, the Plan Analyzer, a rule-based engine, traverses
the structured plan to identify common performance pathologies.

It applies a set of pre-defined heuristics at operator nodes and over

their local neighborhoods, such as: (1) detecting large discrepancies

between estimated and observed row counts to flag cardinality

errors (often due to stale statistics); (2) identifying SeqScan on large
relations with low selectivity, suggesting a missing or unusable

index; and (3) checking for data skew in parallel or distributed joins

and aggregations. For each issue, the analyzer emits a structured

warning that records the implicated operator(s) and supporting

evidence drawn from parent/child context. The resulting summary,

together with the normalized plan, is then passed to the MMA.

Analyzing plans with LLMs remains challenging due to a struc-

tural mismatch between sequential token processing and the in-

herent graph topology of execution plans. This difficulty is com-

pounded by the scale and heterogeneity of real-world plans, which

can span hundreds of operators with intricate join patterns [4–6].

Therefore, the development of methods to interpret such complex

structures is a crucial area for future research.

5.3 Reasoning Engine

5.3.1 Environment Construction. RL training requires many inter-

actions, which requires the constructed environment to meet the

following requirements: (1) efficient sampling to support massive

agent-environment interactions within feasible time and resource

budgets, and (2) stable and accurate feedback to ensure a sta-

ble training process and provide the agent with supervision. To

satisfy these requirements, we construct a high-fidelity, replayable

environment (Σ, 𝐻 ) that mirrors production APIs.

For efficient sampling, we extract database instances from

small-batch production data to reproduce target problem scenar-

ios. Each instance Σ stores all important data in the realistic en-

vironment (including time-series KPIs, logs, execution plans, and

Anomaly features
(KPI spikes/trends)

∆Ent =
𝑚𝑎𝑥{0, Ent 𝑃! − Ent 𝑃!"# }

action 𝑎!
observe 𝑜!"#

Update 𝜑(𝑉!"#)Plan warnings
(est. error, spill risk)

Cause 𝑐 ∈ 𝒞!

𝑃" 𝑐 =
𝑞 𝑐	 	𝜑(𝑉"))

𝑃"#$ 𝑐 =
𝑞 𝑐	 	𝜑(𝑉"#$))𝜑 𝑉! : structured	evidence

BN node

inference

after
update

Figure 6: Bayesian estimation of 𝑃𝑡 (𝑐) from structured evi-

dence 𝜑 (𝑉𝑡 ) , and update to 𝑃𝑡+1 (𝑐) after action 𝑎𝑡 and observa-

tion 𝑜𝑡+1; the stepwise reward uses entropy reduction ΔEnt.

configuration metadata), obtaining a frozen system snapshot that

mirrors O&M scenarios. Query tuning tasks are directly executed

using internal data in the DWS cluster for realistic interaction.

For stable and accurate feedback, we ensure robustness at

two levels. During agent-environment interaction, we embed com-

prehensive validity checks and structured error feedback across the

full tooling pipeline—tool parsing, tool invocation, and response

formatting—so each step either succeeds with well-formed out-

put or returns deterministic error signals. For example, when the

agent executes a tool that the system does not allow (such as ad-

justing worker_mem), the environment returns the corresponding

error signal. At episode termination, verifier 𝐻 serves as a rule-

based final check: the agent emits a final report 𝑌 = (𝑐, m̂,𝑉 )
enclosed in <answer>...</answer>, which we parse with a deter-

ministic extractor. If parsing fails, 𝐻 returns 0. Otherwise, verifica-

tion applies two criteria: (1) Cause matching, using exact string

equality after light normalization (lowercasing, whitespace and

punctuation cleanup); (2) Remedy verification, where executable

cases (query rewrites) undergo direct execution validation, and

non-executable cases are compared against the incident-specific

specification m∗ under fixed normalization rules for aliases, units,

and benign reorderings (e.g., “increase work_mem to 128MB” ≡ “set
work_mem=131072kB”). For customer consultation tasks, m∗ speci-
fies a required evidence set (KB document IDs); we parse cited docu-

ments from the agent’s answer to obtain normalized m̂ and require

exact set equality m̂ ≡ m∗. This dual-layer design—robust interac-
tion feedback coupled with deterministic final verification—ensures

stable, failure-aware RL training.

5.3.2 Reward Modeling. A reward model 𝑟𝜙 evaluates a trajec-

tory on a concrete instance I. Given a generated trajectory 𝜏 =

(𝑠0, 𝑎0, 𝑠1, 𝑎1, . . . , 𝑠𝑇 ), the total reward is

𝑟𝜙 (I, 𝜏) =𝑤1𝑟format (𝜏) +𝑤2𝑟tool (𝜏) +𝑤3𝑟answer (𝜏) +𝑤4𝑟stepwise (𝜏),

where𝑤𝑖 ≥ 0 and

∑︁
𝑖 𝑤𝑖 = 1. Each 𝑟𝜙 is normalized to [0, 1].

Format Reward (𝑤1 = 0.2). This term enforces well-formed turns

under the Think–Act–Observe schema. For a trajectory 𝜏 with

𝑇 agent turns, let 𝐾 be the number of turns that satisfy the for-

mat checks (e.g., a <tool_call> is preceded by <think>, the tool
name/arguments are valid, and tags are properly closed). We define

𝑟format (𝜏) = 𝐾
𝑇
∈ [0, 1].

Tool Reward (𝑤2 = 0.1). This term measures the coherence of plan-

action throughout the trajectory. Let Plan denote actions planned

in <think> blocks and Exec the executed <tool_call>. We align

plans to executions by name and compatible arguments within

a window of turns. Define unfulfilled plans Planue = {𝑝 ∈ Plan :

𝑝has no aligned execution} and unplanned executions Execup = {𝑒 ∈
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Exec : 𝑒 has no aligned plan}.We compute 𝑟tool = 1− |Plan𝑢𝑒 |+|Execup ||Plan |+|Exec |
clipped to [0, 1], penalizing both speculative and unexecuted calls.

Answer Reward (𝑤3 = 0.5). We instantiate the outcome term with

the success indicator in §3.3. We set 𝑟answer (𝜏) = 𝐻 (𝑌 ; Σ) (Eq. (1)).
Stepwise Reward (𝑤4 = 0.2).. This shaping term rewards diagnostic

actions that reduce uncertainty over the root cause. For category

𝑘 , let C𝑘 be the cause set and let 𝑃𝑡 (𝑐) = 𝑞(𝑐 | 𝜑 (𝑉𝑡 )) be the

belief estimated by a Bayesian network [17] trained on histori-

cal tickets, where 𝜑 (·) encodes structured evidence such as KPI

anomalies, plan warnings, and WLM checks. The network archi-

tecture is shown in Figure 6. After action 𝑎𝑡 yields observation

𝑜𝑡+1, we update 𝑃𝑡+1 (𝑐) = 𝑞(𝑐 | 𝜑 (𝑉𝑡+1)) and assign the normalized

entropy reduction: 𝑟
(𝑡 )
stepwise

=
max{0,Ent(𝑃𝑡 )−Ent(𝑃𝑡+1 ) }

log | C𝑘 | , Ent(𝑃) =
−∑︁𝑐∈C𝑘 𝑃 (𝑐) log 𝑃 (𝑐). The reward is injected per turn rather than

aggregated only at the episode end, providing denser supervision

for exploration and credit assignment. To prevent over-probing, if

one decision triggers more than 𝐿tool tool calls, we set 𝑟
(𝑡 )
stepwise

= 0

for that turn. This Bayesian signal may encode historical frequency

bias: rare or newly emerging root causes can receive lower prior

probability, and entropy reduction may favor actions that confirm

common diagnoses. We mitigate this by using it only as an auxil-

iary shaping term (𝑤4 = 0.2); terminal success is still determined

by the rule-based, evidence-based verifier; and in production, low-

confidence or conflicting evidence triggers human escalation rather

than forced classification.

5.3.3 RL Training Framework. We train the reasoning policy with

a multi-turn, GRPO-style objective [19, 30] under the framework

in §3.4. The LLM itself is the policy 𝜋𝜃 that generates a trajectory

𝜏 . To stabilize learning and prevent linguistic drift, we regularize

toward a frozen reference policy 𝜋ref via a KL penalty:

max

𝜋𝜃

EI∼D, 𝜏∼𝜋𝜃 ( · | I)
[︂
𝑟𝜙 (I, 𝜏 )

]︂
− 𝛽 𝐷KL

[︁
𝜋𝜃 (𝜏 | I)

∥︁∥︁𝜋
ref
(𝜏 | I)

]︁
, (3)

where 𝛽 controls the trust penalty. In our implementation, 𝑟𝜙 com-

bines terminal outcomes with dense per-turn shaping (§5.3.2).

Rollout phase. For each incident I, the current policy 𝜋𝜃 interacts
with the simulated environment (§5.3.1) to produce a group of 𝐺

distinct multi-turn trajectories {𝜏1, . . . , 𝜏𝐺 }. Each trajectory is a full

Think–Act–Observe episode with stepwise rewards injected during

interaction and terminal rewards at the end.

Update phase. We evaluate each 𝜏 𝑗 with 𝑟𝜙 and compute within-
group advantages by subtracting the group mean (the GRPO base-

line). Policy gradients are applied to the agent’s tokens only, with a

KL penalty to 𝜋ref. We use loss masking: tokens generated by the en-
vironment (e.g., inside <tool_response>...</tool_response>)
are masked out so the model learns reasoning and action (<think>,
<tool_call>, <answer>) rather than memorizing tool outputs.

6 EXPERIMENTS

6.1 Experiment Setup

6.1.1 Setup. To rigorously evaluate DBAgent, we construct a multi-

task, multi-difficulty benchmark from DWS Autopilot operational

scenarios. It captures multi-tenant dynamics and cross-cluster drift,

mirroring the variability faced by DWS engineers in daily O&M.

Each incident is constructed based on a corpus of O&M tickets

(§3.2.1) and production artifacts. We normalize tickets into cate-

gories (e.g., lock contention, misconfiguration) and assemble the

multi-modal artifacts per scenario including Autopilot KPIs (multi-

signal telemetry) and DWS-native views (e.g., Top SQL, execution
plans, WLM/resource policies). When artifacts are incomplete, we

reproduce the incident on an isolated cluster to capture the missing

signals, then de-identify and version the traces. Following §5.3.1,

this dataset enables safe, efficient, and repeatable evaluation bymap-

ping function calls to deterministic responses. Our replay design

cannot synthesize truly novel telemetry beyond what was captured.

We mitigate this with noise injection. Future work will integrate

stochastic generators and fault injectors to expand coverage.

Specifically, snapshot telemetry contains at most 500 samples per

time-series metric (per instance, typically over 2–10 h windows).

KPI categories and their metric counts are detailed in §3.2.2. Query

plan traces are sourced from real ticket cases with per-plan operator

counts ranging from 1 to 90. This complex environment poses

significant challenges for the agent, requiring it to meticulously sift

through vast amounts of data to identify critical signals.

As Table 1 shows, the benchmark spans four task categories

across easy and hard levels, distinguished by indicative metric

count and information volume. Harder diagnostic instances involve

more signals, requiring agents to detect subtle anomalies and disam-

biguate competing root causes. For customer consultations, complex

tasks (e.g., §3.1) demand synthesizing multiple data sources to pro-

duce coherent responses. Notably, the diagnostic scope includes 10

distinct root causes for query tuning tasks and 14 root causes for

system overload and health check tasks.

Dataset Split. We evaluate both in-distribution (ID) and out-of-

distribution (OOD) performance. For ID, we use a random 50/50

train–test split, ensuring test cases come from different database

instances and contexts. For OOD, we evaluate on a held-out split

of DWS diagnostic scenarios comprising four scenarios (143 cases

total): three categories of easy task and one category of hard task.

The split removes overlap along multiple axes of novelty including

workload/schema, root causes and KPI patterns.

Evaluation Metric. Unless otherwise noted, we evaluate the agent
using Success Rate (SR), which is given in §3.3 as Eq. (2).

Implementation. We conducted all experiments on a Huawei BMS

server with Euler OS 2.10, featuring a 192-core CPU, 1.5TB RAM,

2TB SSD, and eight Ascend 910B3 NPUs. For RL training, we im-

plemented our multi-turn GRPO algorithm by extending VeRL [31]

using Qwen3-8B as the base model. Our architecture employs: (1)

Qwen3-32B for offline document processing (yielding 10,040 chunks,

<1K tokens each), (2) Qwen3-8B for the multi-modal agent, and

(3) a Faiss [11] vector database retrieving top-5 relevant chunks

per query. All models except Qwen3-235B (accessed via API) were

locally deployed using vLLM [22].

6.1.2 Methods Compared. We compare DBAgent against three cat-

egories of strong baselines. For fair comparison, all baselines imple-

ment an agent loop sharing the same knowledge corpus and tool

APIs. We omit RAG-only single-turn QA systems [3, 7, 32], as they

cannot support the multistep use of stateful tools.

ReAct Agent. This category evaluates unfine-tuned LLMs imple-

menting the ReAct loop with access to the same tools and knowl-

edge base. The agent iteratively generates “thoughts” and “actions”
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Table 1: A real-world benchmark task categories and difficulty criteria.

Task Category Difficulty Criteria # Types Example Scenarios Cases

Query

Performance

Tuning

Easy Root cause evident from single anomaly in query

plan operator

7 Inefficient operators (e.g., Nested Loop, NOT IN);
table/computation skew; poor index usage

152

Hard Requires cross-operator analysis or combining

with performance metrics

3 Excessive small CUs; predicate pushdown

failures; complex subquery issues

64

System Overload

& Health Check

Easy Identifiable by single indicative system metric 9 High SQL concurrency; data skew; low disk space 250 + 120

Hard Requires inferring from multiple correlated

metrics

5 High INSERT/COPY volume; dirty page rate/temp

file spills; transaction log accumulation

174 + 70

Customer

Consultation

Easy Answerable with 0-1 knowledge base queries – Parameter definitions; simple "how-to" requests 172

Hard Requires synthesizing from multiple documents – Feature comparisons; multi-step troubleshooting 80

(tool calls), processing environment observations in each round.

We use few-shot prompting that includes the task description, tool

definitions, and several high-quality reasoning trajectories as ex-

amples. To study scaling effects, we evaluate three ReAct-based

baselines:ReAct-8B,ReAct-32B, andReAct-235B, which are built

respectively on Qwen3-8B, Qwen3-32B, and Qwen3-235B [34].

D-Bot Agent. D-Bot [40] orchestrates database diagnosis with a

multi-agent mechanism and an LLM-guided tree search algorithm,

where each node corresponds to a candidate (hypothesis, action) tu-

ple. Since the original D-Bot system is not directly executable in our

proprietary DWS environment, we make a best-effort adaptation to

DWS. Specifically, we retain its original processing methodology,

including offline summary-tree-based knowledge extraction and

BM25-based passive knowledge matching, and map its diagnostic

actions to the available DWS tool APIs. For fairness, we provide

D-Bot with the same raw DWS corpus used by DBAgent, but do not
use our curated KB construction. Since D-Bot’s passive matching

mechanism is not designed for open-ended consultation and docu-

ment synthesis, we exclude it from the customer consultation task

and evaluate it on the diagnostic and tuning tasks. We instantiate

this baseline with Qwen3-235B and denote it as DBot-235B.

Tree-Search Agent. Building on D-Bot’s tree search, we implement

a system-native baseline with three key adjustments: (1) a single-

agent design to preserve global context and eliminate consensus

overhead; (2) a Tool API for our hierarchical knowledge base, en-

abling active, real-time retrieval over passive matching; and (3)

DWS-specific few-shot prompts that guide branch expansion by

defining necessary signals, tools, and acceptance criteria. We evalu-

ate three Qwen3-based variants:TreeSearch-8B,TreeSearch-32B,

and TreeSearch-235B.

6.2 Overall Performance

6.2.1 In-Distribution Performance. We first evaluate DBAgent on
the multi-task, multi-difficulty benchmark defined in §6.1 with ID

dataset split, reporting Success Rate (SR) and summarizing results

in Figure 7. Baselines are denoted ReAct-8B/32B/235B, TreeSearch-
8B/32B/235B, and DBot-235B, where LLMs are the Qwen3 series.

DBAgent vs. Baselines. As shown in Figure 7, DBAgent attains higher
SR across difficulty strata. On easy tasks, DBAgent reaches 88% SR,

exceeding the best baseline (TreeSearch-235B) at 65% by +23pp. On

hard tasks, DBAgent maintains 68% SR versus 50% for the strongest

baseline (TreeSearch-235B; +18pp). Although baseline SR scales pos-

itively with model size (ReAct-235B > ReAct-32B > ReAct-8B and

TreeSearch-235B > TreeSearch-32B > TreeSearch-8B), DBAgent,
built on an 8B backbone, surpasses even the 235B variants. This in-

dicates that, for structured DBA O&M tasks, an agentic framework

with RL-based reasoning yields larger gains than scaling the base

LLM alone. General-purpose LMs struggle to adapt to tool use and

dynamic reasoning, while tree-search agents lack the flexibility re-

quired for diverse, open-ended incidents. Among tree-search-based

systems, DBot-235B generally underperforms our system-native

TreeSearch at both difficulty levels. Although we make a best-effort

adaptation of D-Bot to the DWS, its original passive BM25 match-

ing is difficult to align with DWS-specific domain knowledge and

tool semantics. As a result, it often fails to retrieve the precise diag-

nostic guidance needed for the current trajectory, and instead falls

back to generic database solutions from its pretrained knowledge.

This leads to generic conclusions and occasional hallucinations of

unsupported metrics or tools, as further discussed in §6.3.

Multi-Task Performance. DBAgent delivers robust, well-balanced SR
across the four task categories. For system overload & health checks,

DBAgent attains 89% SR on easy cases and exceeds 60% on hard

cases, whereas baselines struggle on scenarios requiring correla-

tion across multiple KPIs. For query performance tuning, which

demands cross-operator reasoning over execution plans, DBAgent
reaches 83% SR (easy) and 71% (hard), substantially outperforming

baselines on the hard split. For client consultation (knowledge re-

trieval and synthesis), DBAgent maintains a clear margin: over 90%

SR on easy and over 70% on hard cases. However, the TreeSearch-
series (especially TreeSearch-235B) is relatively weak. This is consis-

tent with its design: a restricted diagnostic routine that is effective

for structured troubleshooting but ill-suited to the flexible retrieval

and synthesis required by client consultation.

Performance Across Difficulty Levels. Difficulty stratification is crit-

ical for assessing deep reasoning. Baselines struggle even on easy

tasks (e.g., 8B LLM achieves 0% SR on easy query performance tun-

ing) and tend to degrade further on hard cases requiring multi-step

analysis. Within query performance tuning, we also observe an

abnormal baseline pattern: TreeSearch-235B performs strongly on

hard instances but underperforms on easy ones. This is likely a

consequence of its complex tree search that overthinks simple cases.

By contrast, DBAgent sustains high SR on both easy and hard splits

(e.g., routine health checks drop only 10pp from 83% to 73%, vs. a
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Figure 7: Overall performance comparison of DBAgent and baseline models under ID dataset split.
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Figure 9: Agent reasoning capability and solution quality measurement.

31pp drop from 68% to 37% for the strongest baseline). This reflects

a learned adaptive policy from DBAgent. The token-length analysis

in §6.3 corroborates this behavior.

6.2.2 Out-of-Distribution Performance. We compare DBAgentwith
tree-search baselines (TreeSearch-8B/32B/235B) under the OOD

split. These OOD cases require composing evidence across unfamil-

iar KPI trajectories or invoking tool chains not seen together during

training. For tree-search agents, we explicitly isolate OOD scenarios

in the node design: the node library (templated actions/tool calls)

and their few-shot prompts are derived solely from the ID scenar-

ios (i.e., no OOD-specific prompts are introduced). The expansion

functions are identical across ID/OOD. We report SR in Figure 8

(ReAct-style agents are omitted as non-competitive).

Overall, DBAgent attains 78% SR, surpassing the best tree-search

baseline (TreeSearch-235B) at 64% (+14pp). DBAgent consistently
leads across tasks: Routine Health Check 76% vs. 57% (TreeSearch-

32B; +19pp), System Overload Diagnosis 85% vs. 71% (TreeSearch-

235B; +14pp), Query Performance Tuning 70% vs. 64% (TreeSearch-

235B; +6pp), and Client Consultation 85% vs. 75% (TreeSearch-32B;

+10pp). We also note that TreeSearch-235B’s relative strength on

Query Performance Tuning appears to stem primarily from raw

model capacity and longer effective context handling (e.g., parsing

and comparing long execution plans), rather than from the tree

search itself. Overall, Tree-Search agents are brittle under distribu-

tion shift. DBAgent instead learns an adaptive policy, composing

probes and remedies from live evidence to maintain advantages

across tasks and held-out cases.

6.3 Reasoning Capability and Answer Quality

Beyond SR, we assess whether trajectories exhibit sound reasoning
and reliable answers with four rubric-based metrics. These dimen-

sions are central to agent usability, yet they are seldom reported in
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Figure 10: DBAgent performance and reasoning capability

scales with RL training.

prior works. Given an instance I and an agent-generated trajectory

𝜏 (including complete diagnostic process 𝑉 ) , we utilize an widely

used LLM-as-a-Judge method [39] with a Qwen3-235B model with

fixed rubric prompts. Each metric evaluation generates a binary

result (pass/fail). The metrics include:

Planning & Cohesion. Pass if the trajectory presents a clear di-

agnostic plan and executes it coherently: every planned action in

<think> is eventually executed and every <tool_call> is justified

by a preceding/concurrent plan (cf. 𝑟tool in §5.3.2).

Reasoning & Argumentation. Pass if intermediate conclusions

are logically derived and explicitly supported by prior observations

in 𝑉𝑡 (no unsupported “jumps”).

Solution Quality. Pass if the final <answer> is specific and ac-

tionable and its claims are justified by evidence in 𝑉 (e.g., cited

KPIs, plan warnings, KB entries). This complements SR by grading

explanatory adequacy, not only correctness.

Hallucination.We flag hallucination when the trajectory contains

fabricated content (e.g., non-existent APIs or KB facts from 𝑉 ).

Lower is better. Detection leverages our tool list and KB provenance.

Reasoning and Answer Quality. Figure 9 reports pass rates on the

four rubrics. DBAgent outperforms all baselines across the board:

it exceeds 0.9 on Planning & Cohesion and Reasoning & Argu-

mentation, indicating that it proposes structured diagnostic plans

and follows them with evidence-grounded logic. It also achieves
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high Solution Quality (0.92), providing actionable and well-justified

answers. Conversely, baselines, particularly smaller variants, fre-

quently fail plan–execution cohesion or make unsupported infer-

ences, and exhibit higher hallucination rates (e.g., invented tools).

Notably, as its passive retrieval mechanism often fails to surface

specific domain knowledge, DBot-235B suffers from a high hallu-

cination rate of 19%—double that of TreeSearch-235B. In contrast,

DBAgent remains highly grounded with a hallucination rate be-

low 5%. Overall, these evaluations demonstrate significantly better

usability of DBAgent in practice.

Impact of RL on Reasoning Dynamics. Figure 10 traces how these

properties emerge during RL. At iteration 0, the untrained pol-

icy displays high hallucination, which is a known behavior of base

LLMs [20], but hallucinations decrease sharply as training proceeds,

while both SR and Solution Quality rise. Token-length trends further

indicate an adaptive policy: trajectories become more concise on

easy instances and longer/more detailed on hard ones, reflecting ef-

fort allocation proportional to task complexity. These dynamics are

consistent with our reward design: the stepwise information-gain

term encourages informative actions each turn, and the plan–action

coherence term regularizes execution against stated plans, yielding

reliable reasoning.

6.4 Design Choices

6.4.1 Effectiveness of RL and Reward Design. In this section, we

study (1) why we choose to learn from experience (i.e., training

with RL) instead of expert demonstration and (2) the significance

of reward design. We evaluate three ablated versions of DBAgent:
•DBAgent (SFT): This baseline is the DBAgent reasoning engine

after only the supervised fine-tuning without any RL training. It is

trained on a curated dataset of 1800 expert diagnostic trajectories.

•DBAgent (w/o Tool Reward): This variant is trained using our full

RL framework, but with the tool reward component (𝑟tool) removed

from the reward model.

•DBAgent (w/o Stepwise Reward): This variant is also RL-trained

but omits the entropy-based step-wise reward (𝑟stepwise) to demon-

strate its importance for learning multi-step reasoning.

Impact of RL. Under the ID setup, Figure 7 shows that DBAgent

outperforms its SFT variant by a wide margin. On the hard split,

DBAgent-SFT attains 18% SR versus 68% for DBAgent, indicating
that RL is essential for learning adaptive decision strategies beyond

expert demonstrations. On the OOD split, as shown in Figure 8, the

gap widens: DBAgent achieves 78% SR, while DBAgent-SFT obtains

only 19%. This pattern highlights that SFT struggles to internalize

environment dynamics from experience, thereby limiting general-

ization and tends to showmore hallucination (as shown in Figure 9).

Impact of Reward Design. Under the ID setting (Figure 7), the ben-

efits of 𝑟stepwise and 𝑟tool are most pronounced on the hard split.

Removing the entropy–reduction term 𝑟stepwise drops SR to 45%,

whereas removing the plan–action coherence term 𝑟tool yields 63%.

Hard cases demand deeper, multi-step reasoning and precise tool

use, so reward shaping that encourages uncertainty reduction and

coherent interventions has greater effect. Across all experiments,

ablating 𝑟stepwise hurts more than ablating 𝑟tool, likely because dense

per-turn feedback is critical for stabilizing exploration and credit

Table 2: Impact of different DBAgentmodules.

Metric DBAgent

DBAgent

(raw KB)

DBAgent

(w/o MMA)

DBAgent

(w/o both) ReAct-8B

ReAct-8B

(w/o both)

SR (%) 84.5 29.2 60.3 22.4 22.9 11.8

Hallu. (%) 4.6 35.5 23.3 37.9 21.3 26.6

Plan. 0.92 0.65 0.75 0.72 0.74 0.66

Table 3: DBAgentmulti-modal agent analysis.

(a) Time-series Analysis (F1 %)

Length
Metric Dimension

1–10 10–20 20–30

10 57.1 57.5 48.7

20 64.5 35.0 24.0

100 18.2 9.0 6.3

500 3.2 1.7 1.1

(b) Plan Analysis (%)

Method
# of Operators

1–30 30–60 60–90

DBAgent 95.2 100.0 100.0

(Rule) 90.5 85.7 100.0

(LLM) 81.0 100.0 75.0

(w/o MMA) 76.2 42.9 0.0

assignment in multi-round diagnosis. Such observation and argu-

ments still hold on the OOD setup in Figure 8.

6.4.2 Effectiveness of DBAgent modules. To validate the effective-

ness of our key architectural components, we conducted an ablation

study focusing on two critical modules: the curated Knowledge Base

(KB) and the Multi-Modal Agent (MMA). We measured the impact

of ablating these modules on SR, hallucination rate, and planning

quality, with the results summarized in Table 2.

Impact of KB. For the KB, the importance of our knowledge curation

is clear when replacing the curated KB with raw documentation

(DBAgent (raw KB)). When the curated KB is replaced with raw

unstructured documentation, the agent’s performance collapses:

SR drops from 84.5% to 29.2%, and the hallucination rate explodes

from 4.6% to 35.5%. This demonstrates that the reasoning engine

cannot effectively parse and utilize verbose, human-oriented text

for complex problem-solving. Our curation process is essential for

providing the agent with actionable knowledge.

Impact of MMA. For the MMA, removing the MMA (DBAgent (w/o

MMA)) also causes a severe degradation in performance. Without

the MMA to interpret and translate complex data like time-series

KPIs and query plans, SR drops significantly to 60.3%, and the

planning score falls from 0.92 to 0.75. This suggests that the MMA

is a crucial perception layer. MMA also benefits untuned agents:

allowing them in ReAct-8B nearly doubles SR (11.8%→ 22.9%) and

improves planning (0.66→0.74).

We further examine the MMA’s modality-specific preprocessing

functions: time-series anomaly detection and query plan analysis.

For time-series KPIs, Table 3a reports F1 scores under different

sequence lengths and metric dimensions. Performance decreases

as sequences become longer and higher-dimensional, which is ex-

pected due to increased noise and correlation complexity. In our

deployment setting, diagnostic windows are typically 2–3 hours

with 60–120 second sampling intervals, where the detector is suffi-

cient for localizing suspicious periods. We tune the module toward

high precision, so flagged anomalies are reliable even when the

returned window is slightly broader. For query plans, Table 3b

compares the full MMA with rule-based, LLM-only, and w/o-MMA

variants on plans with different operator counts. The full MMA

remains stable across plan sizes, while the alternatives degrade

on more complex plans; in particular, w/o MMA drops to 0% SR

on 60–90-operator plans. These results show that structured plan
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preprocessing is important for converting complex execution plans

into usable evidence for downstream reasoning.

（a) Click Counts
Per Day

(b) Tickets / Historical
Average Tickets (%)

(c) Click Counts
Per Day

-87%

-60%

(d) Average Handling
Time (min)

Figure 11: Deployment effect of DBAgent.

Table 4: Distribution of O&M failures during deployment.

Category

Outdated

KB

Rare

Faults

Massive

Telemetry

Retrieval

Misses

Insufficient

Evidence

Model

Hallucination

Others

Proportion 19% 17% 13% 12% 11% 9% 19%

6.5 Deployment at Huawei with Real Customers

6.5.1 Deployment Setup. DBAgent was deployed in two real-world

scenarios in 2025. It was first integrated into Huawei’s internal ERP

system from February to June as a first-line support tool for user

queries and consultation tickets. It was later deployed from July to

September in the analytical processing system of one of China’s

largest banking institutions for database diagnostics.

To bridge the gap between offline benchmark capability and

production reliability, DBAgent is used as diagnosis and recommen-

dation service rather than an unconstrained executor. In production,

it is triggered by fault alerts or scheduled health checks, collects evi-

dence from DWS/Autopilot tools, and generates a report containing

the suspected root cause, supporting evidence, and recommended

remedies. The online tool access exposed to the agent is read-only,

rate-limited, and restricted by a whitelist. Operations that may

change cluster state (e.g., configuration changes, DDL operations,

session termination, or resource-policy updates) are not directly

executed by the agent; they are risk-tagged by rule-based checks

and require human approval through the existing O&M workflow.

Before a report is surfaced to DBAs, an independent LLM-based

audit module reviews the logged diagnostic trajectory with fixed

rubric prompts. It checkswhether each root-cause claim and remedy

is supported by tool observations or KB evidence. It flags unsup-

ported reasoning or missing evidence, and marks low-confidence or

high-risk cases for human escalation. Risky operations still require

human approval through the existing O&M workflow.

Failed or escalated diagnoses are logged for periodic review by

DWS engineers. An LLM-assisted extraction pipeline summarizes

these cases into candidate symptom–cause–action records. They

are integrated into the guide/solution category of the KB only af-

ter human review, de-identification, and versioned approval. This

human-in-the-loop process allows DBAgent to improve from pro-

duction experience while preventing unverified failures from being

fed back into the knowledge base.

6.5.2 Results. In the Huawei ERP deployment (>30 departments,

>1,000 active employees), the system recorded 80,000 clicks (Fig-

ure 11(a)) and achieved a 60% reduction in human-handled consul-

tation tickets (Figure 11(b)).

In the banking deployment (>15 database clusters, 10 depart-

ments), the system handled 5,000 diagnostic clicks (Figure 11c). It

reduced Average Handling Time (AHT) by 87% (Figure 11d) by au-

tomating time-intensive diagnosis and solution formulation. This

allowed DBAs to focus on verification, shifting resolution times

from hours to minutes. Furthermore, we analyzed the causes of

diagnostic failures encountered during the deployment. As shown

in Table 4, an outdated knowledge base (19%) and rare faults (17%)

are the primary causes, highlighting the ongoing challenge of main-

taining context freshness and handling unprecedented anomalies.

6.5.3 Lessons Learned. Production deployment revealed several

gaps between offline evaluation and real O&M usage.

Safety Gates Are Mandatory. Strict action boundaries are essential

for production trust. DBAgent is deployed as a diagnosis and rec-

ommendation service: online tool access is read-only, rate-limited,

and whitelisted, while risky operations require human approval

through the existing O&M workflow.

Assisting Rather Than Replacing DBAs. DBAgent does not replace

DBAs in high-risk environments. Its main value is to reduce repet-

itive evidence gathering by correlating metrics, plans, configura-

tions, etc, allowing DBAs to focus on validation and final decisions.

Evidence-Grounded Reports Drive Adoption. DBAs trust the agent

more when conclusions are backed by traceable evidence, such as

KPI anomalies, plan warnings, or KB entries. Evidence citation is

therefore critical for both evaluation and production adoption.

Knowledge Freshness Matters. Many deployment errors come from

outdated knowledge, version mismatch, or retrieval misses. Since

reasoning quality is bounded by retrieved context, the KB must

remain fresh, source-traceable, and precisely indexed.

Toward Continual Domain Learning. Current deployment still re-

lies on engineering heuristics, manual KB updates, and fallback

rules. A key future direction is to make DBAgent learn from real

production interaction like human DBAs: failed or escalated tra-

jectories should become long-term experience, from which the

system can discover new symptom–cause–action patterns, refine

tool-use strategies, update domain knowledge, and improve the

policy through continual training. Human governance remains nec-

essary, but should shift from handcrafting every fix to approving,

auditing, and safely integrating agent-discovered knowledge.

7 CONCLUSION

In this paper, we address the limitations of LLMs in complex data-

base O&M by introducing DBAgent, an autonomous agent using a

novel RL-based framework. By integrating a curated knowledge

base for information acquisition, a multi-modal agent for percep-

tion, and an RL-based engine for reasoning, DBAgent significantly

outperforms strong baselines in diagnostic accuracy and solution

quality, particularly on held-out fault scenarios. Our experiments

confirm that these components are crucial for high performance

and reliability. Within Autopilot for DWS, DBAgent complements

detection and alerting with diagnosis and remedy, improving suc-

cess on hard incidents and producing grounded reports suitable for

Autopilot dashboards.
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