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% DLAYRT (8] 55| / metrics:

Block Time (ms), Average Block Time (ms)
Calls, Number of Calls

Calls/min, Calls per Minute

CPU Used (ms), JVM CPU Burnt (ms/min)
Errors/min, Errors per Minute

Response Time (ms), Average Response Time (ms), Avg. Time per Call
Slow Transactions, Number of Slow Calls
Stalled Transactions, Stall Count

Wait Time (ms), Average Wait time (ms)
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Backends / [5if

End User Monitoring / FBFPUE
Mobile / F4l

Service End Points / BRZ5 i
Overall Application Performance / £/5

Business Transaction Performance / \l/548%
Application Infrastructure Performance / Eiti&#

Errors / f81%
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» &/JVME/ &KXE (min/ max)
« 2 (sum)

- EE (avg)

« 1= (count)

- B (%)

« A{uEX (percentile)
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«  UNRvalue > FEX, KLZEIR
«  WRvalue < FEY, KLEIR




R "N - Pa////lh 174
p (EFT5E O‘ I TZxmiz

HEZ: hSHE

. e 2
(1) F9E u “

« IFEEEXIE]: ux20
» WNRvaluexX[g5, REZEIR




4%,




YT | [TZi

JREA:
/L,\:F)LJ—.I H\H “_¢L (SeaSOnaIity)



: A MERIBT B 75 YT | [TZi
@ T35

- BM/NNWERES (cron job)

- BMBAEFARITY

Events Service Disk writes Kb/sec
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= ComponentEvernsService > Mardware Resources > Disks > KB written/sec
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“ ENEEIERF S normal distribution... ~

BRI T metricBE—o B —"ME (Ebilerrors per min, avg latency per mings)
- KA 1x60x24=1,440 HE=

* RixFAIAY + 30X 8]

* fE#Enormal distributionE X, 99.7% HNEIEEIZCTERN

* 1,440 x 99.7% = 1435.68 MIE RBIAN IEE

« AZIAN1,440-1435.68 = 4. 32N HUES N ERE

XEMNE:

- EMEREIER, BRE TmetricaliZF4.321MH17EHiEEE (false alarms) !
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Moving Average Based el !

X H AR F N ETNE
Autoregressive Integrated Moving Average (ARIMA)
JLFFRE Htime seriesE B &3 H 2

TR

Forecasts ro m ARIMAIO.1,1)
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‘ Exponential Smoothing Based el !

* Double exponential (Holt-Linear):

5B IFlevel#trend

* Triple exponential:

8E1BiFlevelFtrend
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DFT (Discrete Fourier Transform) / &3+ f%
X B RR [ 2R SR IR GF
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- of# (decomposition) Based

«  DWT (Discrete Wavelet Transform) / /J\iE 5 fi&
RER, E488E775%
XtspikeFFEIEE B

«  EDBRREER (LN fEfERIcomponents) EBi#{Tauto

regression l @ @ @
Y

Vll‘l"‘,',’\'iwv,‘4‘”\'\'W¢'l‘t'ﬂw ] | .

=
Lyuanbaxy




EDUT | T2

*ES>] (Deep Learning) Based

Feedforward Neural Network
Recurrent Neural Network (e.g., LSTM)

Convolutional Neural Network

700

LSTM 5l F: 0
. 1 input m
° a hidden layer with 4 oo

LSTM neurons

: an output layer

100




4 #Bf% (Matrix) Based

Fsliding window3 326k, {ERix*EFEHlow rank
DHEEIERERE, EFANMAEAREE

Principle Component Analysis
s SVD
: Robust PCA

. Auto-Encoder Neural Network

. Convolutional Auto-Encoder Neural Network

Original Data

u

Loadings

YT | [TZi

shco 1

Components

d =

Reconstruction
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« Twitter: Seasonal Hybrid ESD (S-H-ESD)
https://blog.twitter.com/2015/introducing-practical-and-robust-anomaly-detection-in-
a-time-series

* Netflix: Robust PCA
http://techblog.netflix.com/2015/02/rad-outlier-detection-on-big-data.html

« Numenta: neural network
http://numenta.com/press/2015/11/10/numenta-anomaly-benchmark-nab-evaluates-
anomaly-detection-techniques/

« Anodot: online machine learning algorithm

http://www.anodot.com/

 Linkedin: exponential smoothing

https://github.com/linkedin/luminol

« Uber: multivariate non-linear model

https://eng.uber.com/argos/

Credit: Yi Hong @ AppDynamics
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http://techblog.netflix.com/2015/02/rad-outlier-detection-on-big-data.html
http://techblog.netflix.com/2015/02/rad-outlier-detection-on-big-data.html
http://techblog.netflix.com/2015/02/rad-outlier-detection-on-big-data.html
http://numenta.com/press/2015/11/10/numenta-anomaly-benchmark-nab-evaluates-anomaly-detection-techniques/
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https://github.com/linkedin/luminol
https://github.com/linkedin/luminol
https://github.com/linkedin/luminol
https://eng.uber.com/argos/
https://eng.uber.com/argos/

XAZRHIE,

3| v I g =¥




LEEEREEY: Ensemble Learning Oﬂﬁﬁ‘ [T iz

leamer n

« SR E]) AT FIT

- IRIEH LERRAR R ERELIN
« TR ALIREY / A%

« BRI —THEIRR

1 Tnll}
[TE




=
YT | [TZi

s PR

]




S HEIE PR F B A AIRGR 7

4 BE N 1= B RO AT (8] % 5]
BERAE
Al + B8] %5

>+ o A
IR

.3 4=+

CN=H



YT | [Tl

FiBmetrics&ER

Al




=
S EBmetrics

I

IF = Bmetrics

e




= TMEXEFIRCA T | [T
- MEE B Imetrics B 3% Bl 18 <AImetric

« B3%: Pearson correlation

e SV 7 5ok

iR metric:
Overall Response Time

-

e hmetrics

SHE¥*MImetric (HH%E0.9876): =

es_data-02IQueryPhaselSlow .. /\
Calls - N 4
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°
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5% / IE ¥ metricsy Bilabeled data
« HE3%: decision tree (Z{Hthclassifier)
=\

s . - _ - BEEFEmetricshIRNE
= Bmetrics 1IF #Bmetrics

HE P ERIE I
\ / = Fif9Rules

» EsIindexCluster=prd28-7 &&

node=indexer_insert_001_prd28

» Application=prd28-analytics &&
EsIndexCluster=prd28-2 &&
transactionName=InsertEventindexingStage

* EsindexCluster=prd28-1 && tier=indexer_prd28

-

RCA:
* ES Cluster = prd28, stage = insert, tier =

indexer
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(reactive) (real time) (proactive)
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. (EZTE = pl
- Moving average based
© EERE - Exponential Smoothing Based
. HFTEMISHIE - k% (decomposition) Based
- AEZE>] (Deep Learning) Based
« N AZGHREAwork? . 45F& (Matrix) Based
2030 E B - BHo)iREAEY: Ensemble Learning
DA -+ RIRDMT
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