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Al-based Database Performance Diagnosis

JIN Lian-Yuan, LI Guo-Liang

(Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China)

Abstract: Database is a kind of important and fundamental computer system software. With the development of database application in
all walks of life, a growing number of people begin to concern the stability of the database. Because of the numerous internal of external
effect, performance anomaly may emerge when the Database running and it may cause huge economic loss. People usually diagnose
database anomaly by analyzing monitoring metrics. However, there are hundreds of metrics in the system and ordinary database users are
unable to extract valuable information from them. Some major companies employ DBA to manage the databases but the cost is
unacceptable for many other companies. Achieving automatic database monitor and diagnose with low cost is a challenging problem.
Current methods have many limitations, including high cost of metrics information collection, narrow range of application or poor
stability. This study proposes an anomaly diagnose framework AutoMonitor which is deployed on the PostgreSQL database. The

framework contains LSTM-based anomaly detection module and modified K nearest-neighbor algorithm-based root cause diagnose
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module. Framework consists of an offline training and an online diagnose stage. The evaluations on the datasets show that the proposed

framework has high diagnose accuracy with minor overload to system performance.

Key words: OLTP database; anomaly diagnosis; artificial intelligence
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Fig.1 Anomaly metrics triggered by database backup
K1 Bl R 00 51 R I M F b S

CPU. B4 i 45 4 FIECH PR AN SCAE 3 N3X 3 AR R ,CPU IR A8 7 2R T e



ik R F AT AR e R R R L 847

Bl 2 Jl7s THE 3 B il A IR IN 0, CPU FiR bR AR A IR 71 i L3 R IR0 B b 3 AT 4 B 200 SEHLBR i A
e AT S 8 R e T LA BT R B, FCARAR 2 148 A 350 A7 A A5 ARVABLI P 5. TR, FRATTAR A DA S5 (R
LA Hdha P R S 1) KRR A

AvaCpullser - Avalpusys HAoegCpulSys
e 20
L]
&0 |r|| i 15 ll\
“11 |'] h ‘ wi | |H| " rlI A
n . [

. (| |r| || | ||| s I'h'ﬂlﬁ N |I 'l.'\",/. . A .|I| . || '\,‘h\\ﬁ N'Illll.ll ||, [ |"|- Jf‘ ll’ ||,II|” Ilﬂ |

| lh\xpw.llll\f\f) L V ﬂ-'l;‘-ﬁ T W H,""' 'r'\"ﬂ\,"‘" G : \'LI W

(a) CPU #f & (b) HHi P41 (c) Hd ik i

Fig.2 CPU metrics under different anomaly cases
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Fig.3 Anomaly diagnosis system architecture
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Table 3 Anomaly detection performance comparison
F 3 FEIEMERERNT AR
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Precision 0.795 0.302 0.554
Recall 0.776 0.821 0.745
F-score 0.785 0.442 0.635
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Table 4 Precision/Recall comparison result
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CPU Jif 5 1.0/1.0 1.0/1.0 0.625/0.88 0.65/1.0
/O Jf3n 0.94/0.88 0.89/0.94 0.83/0.88 0.64/0.53
HmR % 0y 1.0/1.0 0.71/1.0 0.87/0.76 0.40/0.35
L= SIYY 1.0/1.0 1.0/0.94 1.0/1.0 0.74/0.82
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EANER = ) 0.68/1.0 0.58/0.88 0.65/0.65 1.0/0.11
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