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Motivation

Typical weekly traffic to Web-based applications (e.g., Amazon.com)

Provisioned capacity

Actual
traffi
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Motivation

.\/\/

Traffic in an unexpected burst in requests (e.g. end of

year traffic to Amazon.com) users dissatisfaction

Provisioned capacity
A

| Profglem 2:
Problem 1: ~75% wasted capacity - ,ctbber

- VUL




- : g Enacting change in the
MOU\/aUOn @ J Cloud resources are not
o % xxx - real-time
>

Time

Auto-scaling enables you to realize this ideal on-demand provisioning

Really like this??

A




Motivation

A realistic figure of dynamic provisioning

Capacity we can provision
with Auto —Sca(img\
\Y}




Conclusions (Impact on Industry)

» User dependency —> autonomic solution
« Uncertainty —> robust solution

e (QOverhead —> low runtime overhead



Predictable vs. Unpredictable Demand
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An Example of Auto-scalinc

Microsoft Azure Auto-
scaling Application Block

<rule name="Example Scaling Rule" rank="166">

<when>»

</when>
<actions>
<scale target="WorkerRoleA" by="2"/>
<f/actions>
</rule>

Amazon auto scaling

<greater operand="CPU_RoleA" than="86"/>/

Rule

Microsoft Azure Watch

MetworkOut - |
Ayerage - |

Trigger Measurement:
Trigger Statistic:

Unit of Measurement:

Measurement Penod (minutes):

Breach Duration {minutes):

Upper Threshaold: ‘ &000000
Upper Breach Scalement Increment: 1
Lower Threshold: \ 2000000

Lower Breach Scalement Irsu:a‘eme oo -1

Boolean Formula Variable Names

AverageB0CPUTime >70 ) B[ Average60CP UTime A
‘Unresponsivelnstanc. |

LastCommitedMemor| = ‘
! astRequestsFailed -
Peadylnstances_5
AvgAvailRam10 ¥

Description
Average CPU utilization is above 70% for the last 60 minutes

Take action if the rule evaluates to TRUE

[¥] Change Instance Count [Scale up by

[] Send Email Notification Only 8

q @ instances

These quantitative

values are required to

be determined by the

user

= requires deep
knowledge of
application (CPU,
memory,
thresholds)

= requires
performance
modeling expertise
(when and how to
scale)

|= A unified opinion

of user(s) is
required



Sources of Uncertainty in Elastic Software

-

! oTFrea Pemesy Naeem Esfahani and Sam Malek,
e o “Uncertainty in Self-Adaptive
Software Systems”

Planning

Non-controllable
infrastructure
Scaling Action

(6)

Non-controllable || Monitoring Execution Ik
software, service,

hardware, context

Tenants

Platform Y Pooyan Jamshidi, Aakash Ahmad,

Claus Pahl, Muhammad Ali Babar

---------------- u , “Sources of Uncertainty in Dynamic
""""""""""""""""" Management of Elastic Systems”,
Under Review

Source of Variability



A concrete example of uncertainty in the cloud

LoyaltyManagementProcessing 2 --~-  Threshold for increasing role count
, —e ueue length

LoyaltyManagementService 1 Q g

| Action Reguested *

| Action Completad *

- I Action Failed =
RECONFIGURING 1:58 R
* Hover over line in graph for more informatien

STATS

|
Uncertainty related to enactment latency: |
The same scaling action (adding/removing F.
a VM with precisely the same size) took 3 i
different time to be enacted on the i
cloud platform (here is Microsoft Azure) ==

at dl'FFeV‘emt POl.mts amd 2;20 PM 2:30PM 2:46 PM 2:50I PM 3:UUI PM 3:1.0I PM 3:2|I3 PM 3:3EII PM 3:40I PM 3:5'3I PM 4:D|IJ PM 4:16 PM 4:20I PM 4:3EI| PM 4:401 PM 4:56 PM 5:E||IJ PM 5:10I PM
this difference were significant
(up to couple of minutes).

The enactment latency would, be also different g sTATUS | TIMESTAMP COMMENTS

Graph time (min): —' 180 min

d 'FF t ( d ( tF Increase Complatad 5/13/2014 3:25:37 PM Metric 'Queuelength’ is growing at rate 7 and has been above threshold of 20 for 80 seconds
OV\' l e Ven c O u P a O VW\S' Increase Regquested 5/13/2014 3:19:29 PM Metric 'Queuelength’ is growing at rate 7 and has been above threshold of 20 for 80 seconds
Dacreaze Complatad 5/12/2014 2:18:27 PM Metric 'Queuelength’ has been below threshald of 20 for 60 seconds
Dacrease Requested 5/13/2014 3:16:54 PM Metric '‘Queuelength’ has been below threshold of 20 for 60 seconds
Dacrease Completed 5/13/2014 3:16:04 PM Metric 'Queuelength’ has been below threshold of 20 for 60 seconds
Dacrease Requested 5/132/2014 3:13:58 PM Metric 'Queuelength’ has been below threshold of 20 for 60 seconds
Increase Complated 5/12/2014 2:31:25 PM Metric 'Queuelength’ is growing at rate 5 and has been above threshold of 20 for €0 seconds
Increase Regquested 5/12/2014 2:25:19 PM Metric 'Queuelength’ is growing at rate 5 and has been above threshold of 20 for 80 seconds
Increase Complated 5/12/2014 2:24:55 PM Metric 'Quauslength’ is growing at rate 10.5 and has been above thresheld of 20 for 60 s2conds
Increase Requested 5/12/2014 2:18:50 PM Metric 'Queuelength’ is growing at rate 10.5 and has been above threshold of 20 for 60 s=conds
v




Goall

* Take the burden away from the user
— users specifies the thresholds through qualitative linguistics

— the auto-scaling controller should be fully responsible for scaling decisions

— the auto-scaling should be robust against uncertainty

1000

800

600

400 ms

#

200

0

95% Resp| time (ms)

10 30 5070 90 110 130

arrival [ate (reg

» Offline benchmarking
> Trial-and-error

» Expert knowledge

Costly and

not systematic

andhi, P. Dube, A. Karve, A. Kochut, L. Zhang, T"E
60 rea/s | Adaptive, “Model-driven Autoscaling for Cloud
Applications”, ICAC'14

TAKEOUN,

|
¥

mameagangraior.nat



RobusTZScale: Architectural Overview

y *Pred:’ction/
Smoothing

* +
4+

Initial setting +
: elasticity rules +
Fuzzy Reasoning \..  response-time SLA

. §
scaling
actions

Users

envirodment
monitgring

applicgtion
monita(ing




Why we decided to use type-2 tuzzy logic?

0 &

1 [ Type-1 MF
E 0.8
S Region of Region of
O %8 Hefinite definite
& 0.4~ satisfaction dissatisfaction -
QQ 02! > uncertain < >f
ot r I satisfaction : _
0 0.5 2.5 3

1 1.5 2
Performance Index

words can mean different
things to different people

Different users often
recommend
different elasticity policies

° .

Possibility

o
N

o
o -

0.5 1 1.5 2 2.5 3
Performance Index



How we designed the fuzzy controller?

- The fuzzy logic controller is completely defined by its
"membership functions” and "fuzzy rules”.

- Knowledge elicitation through a survey of 10 experts.
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Antecedents Consequent R': IF (the workload (x,) is F;,, AND the response -
Rule Medium | High . 1 . . ~ l .
- | ff M Cav
(I) | Workload Rei?rzr;se Nc()r;;a E(_:)rt Ef(foo)rt E(f::;'t Ef?:::“(:;r; g time (Xz) S Giz)’ THEN (add/lf'ewwve Cavg lV\StaV\CZS).
1 Very low | Instantaneous 7 2 1 0 0 -1.6 Nl [
2 Very low Fast 5 4 1 0 0 -14 l . Zu=1 Wy X C
3 Very low Medium 0 2 6 2 0 0 Cavg - ZNl Wl
4 Very low Slow 0 0 4 6 0 0.6 u=1"u
5 Very low Very slow 0 0 0 6 4 1.4
6 Low Instantaneous 5 3 2 0 0 -1.3
T Tow Fast SRR, T T o 0 R Rule Antecedents Consequent
8 | lLow Medium 0 1 5 3 1 04 Work |Response
9 Low Slow 0 0 1 8 1 1 () Ioad -time 2(-1(0|+1|+2
10 Low Very slow 0 0 0 4 6 1.6 :
Medium_|_Instantaneous - 12 Medium Fast 215310} 0]-09
12 | Medium Fast 2 5 3 0 0 -0.9 | ]
13 Medium Medium 0 0 5 4 1 0.6 '
14 | Medium Slow 0 0 1 7 2 iy )
s T vegom T vevson T o0 T o T3 : o 10 experts responses
16 High Instantaneous 8 2 0 0 0 -1.8
17 High Fast 4 6 0 0 0 -1.4
18 High Medium 0 1 5 3 1 0.4
19 High Slow 0 0 1 7 2 1.1
20 High Very slow 0 0 0 6 4 1.4 . .
21 Very high | Instantaneous 9 1 0 0 0 -1.9 GOQ’ IOV‘Z —COW\IOlAtC{tIOV\S OF COSt{y Ca(CM(atIOV\S
2 veynen | Ffet L 3 |61 1 L0 0 | 2 ) ¢o make a runtime efficient elasticity
23 | Very high Medium 0 1 4 4 1 0.5 . .
20 [Vemign | Sew | 0 | o | 1 | 8 | 1 1 | reasoning based on fuzzy inference
25 | Very high Very slow 0 0 0 4 6 1.6




Flasticity Reasoning @ Runtime

Mownitoring Data

g;a b=

Inference Output Se]

1 Output Processingi | Crisp
Output

Scaling Actions
T1 set
Type-reducer

uzzy

Liang, Q., Mendel, J. M. (2000). Interval type-2 fuzzy
logic systems: theory and design. Fuzzy Systems, |[EEE
Transactions on, 8(5), 535-550.



FL ZZl-ﬁcath n N Monitoring data
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Inference Mechanism

09 -
08 - L i

0.7 - -
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3 ’ A Rule #9

0.2 u \ 1 ——
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Output Processing

A Type-reduced set

14 I

I

I

I

I

I

I

i

Interval Type-2 L
Fuzzy Output ——1——>

2 -1 01 2

Interval Type-1
o Fuzzy Output

Type-reducer

8
Rule #8: y=0.4, F :[:0,0.1041]

9
Rule #9: y=1, F :[0.3560,0.5697]

10
Rule #10: y=1.6, F :[0,0.1317]
10
Rule #13: y=0.6, F :[0,0.0950]
10
Rule #14: y=1.1, F :[0.3605,0.5199]

10
Rule #15: y=1.5, F :[0,0.1202]

Y, (40,50)=
[y, (40,50),y_(40,50)]
=[0.9296,1.1809]

A Defuzzified output

1=
1>
21012 Y
Crisp Output

Y(40,50)=
(0.9296+1.1809)/2=
1.0553




Control Surface
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Tool Chain Architecture

Adaptation Action

|

|

|

l i

| |

1 1 Knowledge

: : Base

| I >
: Change : s
! Actuator I o
| I 7]
| |

L _ ]

Synthetic Load ElasticQueue Connector Auto-Scaling Engine
Generator (RobusT2Scale)



Experimental Setting: Process View

. .
el od’el'e del'e del'e
Load Profiles Elasticity Strategies

Adaptation
Action

Scaling
Engine

. -

Smoothing/Prediction

3

400

[2]
Workload | &4
Generator > > @

g
: 1 Load
i .
L------------I L------------------B-al-azc-lrl-g ------------ ‘
Synthetic Load System Under Test Auto-Scaling

Generator (ElasticQueue Connector) Engine



Fstimation Errors w.rt. Workload Patterns

2000 T T T T T T T T T
1500 —
\ 1.4~ : B
: “\ 1000 !
1500/ \H| B A !
/ A i | 1
I yd= )| \\ 500 |
/j/ * \\\ - 1.2 — 0 : i
|\ [ y
@ 1000~ s“/ \ /o / \ 4« 0 50 10C 2000 !
E s / ‘ I
5 | N | o I 1000
o} \ | | S 1
3 \ 1000 I
§ \ / LL\ 1 — : —_
500 - | \ / 7 <3 1 500
\/ \ / D ! 0 : i
\ f S I 0 50 100 I
/ G : : 0 .
0 ) ,/ i §_0.8 — H - 0 50 100
—&— Original data ¥ I 1
betta=0.10, gamma=0.94, rmse=308.1565, rrse=0.79703 1 |
betta=0.27, gamma=0.94, rmse=209.7852, rrse=0.54504 NS :
betta=0.80, gamma=0.94, rmse=272.6285, rrse=0.70858 .E 1 500 0 ’
500 r r r r r r r r r $ 0.6 - 1 |
0 10 20 30 40 50 60 70 80 90 100 S 400+ 1000
Time (seconds) e 1
N ¢
i Q 300
o outlier 500
—— ——Q3+15xIQR S04l 200 A
i & l000 5.0 100 :
. — Q3 0 -
mean —|—+ ) — 0 50 100 *
—median 600 e ——
i —Qf 0.2 — i 400} g
L qr1sxiR 3
Q1 = cuts off lowest 25% of data 0 = o é
median = cuts data sef in half 0— —

3 = cuts off highest 25% of dat : . . : . . :
,QR - 03_‘.31 e orae Big spike Dual phase Large variations Quickly varying  Slowly varying  Steep tri phase



Fffectiveness of RobusT2Scale
SUT Criteria |Big spike | Dual phase Lgrge Qw;kly SIovny >teep tri
variations | varying | varying phase
973ms 537ms 509ms 451ms 4723ms 498ms
RobusT2Scale
3.2 3.8 5.1 5.3 3.7 3.9
354ms 411ms 395ms 446ms 371ms 491ms
Overprovisioning
6 6 6 6 6 6
Under 1465ms 1832ms 1789ms 1594ms | 1898ms 2194ms
provisioning ) ) 2 2 ) 2

SLA: rtgg < 600ms

*RobusT2Scale is superior to under-provisioning in terms of
guaranteeing the SLA and does not require excessive
resources

*RobusT2Scale is superior to over-provisioning in terms of
guaranteeing required resources while guaranteeing the SLA

For every 10s control interval



Robustness of RobusTZScale

i i i i i
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alpha=0.9 alpha=1.0
Noise level: 10%
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FQL4KE: Fuzzy Q-Learning for Knowledge Evolution

Knowledge Learning
system state> Fuzzy p system goal ﬁ

§ Q-learning /
< -
5 Fuzzy Logic =
X ©
s Controller =
c

w o

> - sa§

rt || Fuzzifier Defuzzifier =
- 1 g

Infergnce £

Engine o

=

<

Y
Monitoring |€ Cloud Application €] Actuator

— 85— — 8 — — 8 —

Cloud Platform




Algorithm 1

. Fuzzy Q-Learning

Require: ~,7

1:

Initialize g-values:
qli,7] =0, 1 <i< N, 1<j<J
Select an action for each fired rule:
a; = argmazqli, k] with probability 1 — e
a; = random{ay, k= 1,2,---, J} with probability e

: Calculate the control action by the fuzzy controller:

a= Y, pi(e) X a;,

where «;(s) is the firing level of the rule i

Approximate the Q function from the current
g-values and the firing level of the rules:
Qs(t).a) = Yiljeis) x dli.ail,
where Q(s(t),a) is the value of the Q function for
the state current state s(¢) in iteration ¢ and the action a

. Take action @ and let system goes to the next state s(ft+1).

Observe  the reinforcement signal, r(t + 1)
and compute the value for the new state:

V(s(t+1)) = YiL, ails(t + 1)).mazk(gli, ai).
— Q(s(t), a),

. Calculate the error signal:

AQ=r(t+1)+~vxVi(s(t+1))
where ~ 1s a discount factor
Update g-values:

qli,a;] = qli,a;] + - AQ - a;(s(t)),

where 77 1s a learning rate

Repeat the process for the new state until it converges

—> Agent
state Treward/ action
St+1 Tt+1] punishment | Q¢
-— <€
?{t) = [JT(t) — Ur(f- — l)..
th(t vm(t
U(t) = wy - (®) +awg - (1— ﬂ) +ws - (1—H(t))
th max UMamax
( (T'f(fr)f;?‘fdesj Tlges < ?’t(t) < 2 rtges
H(f) =41 Tf(t) > 2 1lges
0 rt(t) < rtges

\



FlasticBench: A Cloud Application Framework

w, 1rt, system state
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Auto-scaling
Logic (controller)

o\

=] Results: 1] Monttors wul Blackboard
onitoring
Storage Kl : Storage
T | M oo |
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Y Worker
Policy Enforcer Role
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Q-value Evolution
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Temporal Evolution of Acquired Nodes
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Exploration/exploitation strategies under different workloads

Strategy Criteria Big spike Dual phase Large variations
rtgsoy . VI 1212ms, 2.2 548ms, 3.6 991ms, 4.3
S1 node change 390 360 420
convergence 32 34 40
rtgso,, UM 1298ms, 2.3 609ms, 3.8 1191ms, 4.4
S2 node change 412 376 429
convergence 38 36 87
Ttggoy, UL 1262ms, 2.4 701ms, 3.8 1203ms, 4.3
S3 node change 420 387 432
convergence 30 29 68
rtgso, U 1193ms, 3.2 723ms, 4.1 1594ms, 4.8
54 node change 487 421 453
convergence 328 328 328
_ rtgso,, UM 1339ms, 3.2 729ms, 3.8 1233ms, 5.1
S5 node change 410 377 420
convergence — - -
rtgsop, VT 1409ms, 3.3 712ms, 4.0 1341ms, 5.5
Azure node change 330 299 367
convergence - - -
Quickly varying  Slowly varying Steep tri phase
rtggsop, UL 1319ms, 4.4 512ms, 3.6 561ms, 3.4
S1 node change 432 355 375
convergence 65 24 27
Tlgsoy, VI 1350ms, 4.8 533ms, 3.6 603ms, 3.4
S2 node change 486 370 393
convergence 98 45 28
_ rtggso, UL 1287ms, 4.9 507ms, 3.7 569ms, 3.4
S3 node change 512 372 412
convergence 86 40 23
rtggop, VT 2098ms, 5.9 572ms, 5.0 722ms, 4.8
54 node change 542 411 444
convergence 328 328 328
_ rtoso, UIN 1341ms, 5.3 567ms, 3.7 512ms, 3.9
S5 node change 479 366 390
convergence — - -
rtgsop, VT 1431ms, 5.4 1101ms, 3.7 1412ms, 4.0
Azure node change 398 287 231

convergence




Online Knowledge Learning

Implication: No priori knowledge is
needed, controller can gain knowledge
at runtime

The learning process is executed the
system enters to the monitored
operation mode: statistics for analysis is
collected.

Control is returned to the /earning

process which enters the learning mode.

Finally the knowledge base is upaated

Meta-Meta-Level
Knowledge Learning

Meta-Level:
Autonomic Controller

p Online
Learning ‘
. ; Knowledge
o B
Monitoring - Update
4 Knowledge ﬁ
Analysis Planning
I
Monitoring | Knowledge | Execution




Motivations & Challenges RobusT25¢ale: Inigal Solution
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Thank you!

Claus Pahl Aakash Ahmad Soodel Farokhi Amir Sharifloo Armin Balalaie

S ( ('d e S ? C 0 d 6 ? Reza Teimourzadegan Brian Carvoll

More 1
e " v
Details: Vv https://github.com/pooyanjamshidi
l} http://www.slideshare.net/pooyanjamshidi/

http://computing.dcu.ie/~pjamshidi/PDF/SEAMS2014.pdf
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