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Language Models are Few-Shot Learners Abstract
Tom B. Brown® Benjamin Mann® Nick Ryder” Melanie Subbiah® We demonstrate that scaling up language models
greatly improves task-agnostic,few-shot
Jared Kaplan'  Prafulla Dhariwal  Arvind Neelakantan ~ Pranay Shyam O performance, sometimes even becoming
competitive with prior state-of x0002_the-art fine-
Girish Sastry Amanda Askell Sandhini Agarwal Ariel Herbert-Voss tuning approaches. Specifically, we train GPT-3, an
autoregressive language model with 175 billion
Gretchen Krueger Tom Henighan Rewon Child Aditya Ramesh O parameters, 10x more than any previous
non x0002_sparse language model, and test its
Daniel M. Ziegler Jeffrey Wu Clemens Winter performance in the few-shot setting. For all tasks,
GPT-3 is applied without any gradient updates or
Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray fine-tuning, with tasks and few-shot
O demonstrations specified purely via text
Benjamin Chess Jack Clark Christopher Berner interaction with the model.GPT-3 achieves strong
performance on many NLP datasets, including
Sam MeCandlish Alec Radford Ilya Sutskever Dario Amodei translation,question—answering, and cloze tasks.
O We also identify some datasets where GPT-3" s
L ) few-shot learning still struggles. )
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DBAIOps: A Reasoning LLM-Enhanced Database Operation and
Maintenance System using Knowledge Graphs

Wei Zhou Peng Sun Xuanhe Zhou Qianglei Zang ° 1E%E%At\i7‘<k 4‘{3* r=h =
Shanghai Jiao Tong Baisheng (Shenzhen) Shanghai Jiao Tong Baisheng (Shenzhen) - = S -’ S o -Ij
University Technology Co., Ltd. University Technology Co., Ltd.
weizhoudb@sjtu.edu.cn sunpeng@dbaiops.com zhouxh(@cs.sjtu.edu.cn zanggianglei@dbaiops.com
JiXu Tieying Zhang Guoliang Li Fan Wu EJ Eﬂ]gg$1ﬁﬁgn%ﬁg B I C - IA?Q}E;
Baisheng (Shenzhen) Bytedance Tsinghua University Shanghai Jiao Tong =3 B> 7dN=
Technology Co., Ltd. tieying.zhang liguoliang University

xuji@dbaiops.com
ABSTRACT

The operation and maintenance (O&M) of database systems is criti-

@bytedance.com @tsinghua.edu.cn fwu@es.sjtu.edu.cn
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cal to ensuring system availability and performance, typically re- s .JT"‘:_‘.::

quiring expert experience (e.g., identifying metric-to-anomaly re- j; :

lations) for effective diagnosis and recovery. However, existing ' ' .’n“b il M\ s IR

automatic database O&M methods, including commercial products, 35"’ \:, "“‘;:fg;g‘iﬂ:;"“r [ @4\ i B I C -— IA*e fml #*&}E ’EAI O P S
cannot effectively utilize expert experience. On the one hand, rule- Wy = = " concurrent /0 < /. 9

based methods only support basic O&M tasks (e.g., metric-based

Rule-based Tool

anomaly detection), which are mostly numerical equations and Metric Anslyss Root Cause Analysis
2 N - | - - [Normal] ® /O Subsystem Bottlenecks: Slo
cannot effectively incorporate literal O&M experience (e.g., trou o e iy ot e \ N N
bleshooting guidance in manuals). On the other hand, LLM-based [Warin. E‘ l ?Il \T E
\ 3 : : e essive| /0 may \
methods, which retrieve fragmented information (e.g., standard ool g pre-defined Threshold-based A -,
. . - Metric Checld:
documents + RAG), often generate inaccurate or generic results. Mot Summary |
o [Nermal] Commit rate within nermal range.
To address these limitations, we present DBAIOps, a novel hybrid [Warning] — tog buffer or 1/

O stress — high log file sync waits.

L) Listing of All Possible Root Causes
(b) (el

database O&M system that combines reasoning LLMs with knowl-
edge graphs to achieve DBA-style diagnosis. First, DBAIOps intro-
duces a heterogeneous graph model for representing the diagnosis

o R T —MLAS4ERTREE + E X

Figure 1: Automatic database O&M is challenging - (a) Expert

08.01136v1 [cs.DB] 2 Aug 2025
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experience, and proposes a semi-automatic graph construction al-
gorithm to build that graph from thousands of documents. Second,
DBAIOps develops a collection of (800+) reusable anomaly models
that identify both directly alerted metrics and implicitly comrelated
experience and metrics. Third, for any given anomaly, DBAIOps
employs an automatic graph evolution mechanism that explores
the relevant paths over the graph and dynamically explores poten-
tial gaps (missing paths) without human intervention. Based on
the explored diagnosis paths, DBAIOps leverages reasoning LLM
(e.g.. DeepSeck-R1) that inputs the relevant pathways, identifies
root causes, and generates dear diagnosis reports for both DBAs
and common users. Our evaluation over four mainstream database

DBA needs to analyze diverse information from triggered anomalies.
(b) Empirical O&M may apply misleading rules (caused by incorrect
thresholds). (c) LLMs may lack O&M experience and fail to diagnose
even with necessary abnormal information like relevant metrics.

(e.g., achieving 99.99% four nines availability with less than 52.6
minutes of downtime per year for critical services such as financial
and e-commerce systems [28]) and performance (e.g., service-level
agreements (SLAs) enforced by cloud service providers [11, 22, 45]).
For instance, the NOTAM database outage (an honest mistake that
cost the country millions) resulted in over 10,000 flight delays and
more than 1,300 cancellations [9, 14].
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