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e An Auction Mechanism for a Cloud Spot Market
e Spot instance pricing as a Service

o Capacity Control in Infrastructure as a Service Cloud
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o Geographical Load Balancing for Sustainable Cloud
Data Centers
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o Allowing businesses to outsource their IT facilities to
cloud providers

o Avoid expensive up-front investments of establishing
their own 1nfrastructure

o Long-held dream of computing as a utility
e On-demand delivery of IT services
o Customers pay for what they use

e Virtualized resources
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SaaS (Software as a Service)

laaS (Infrastructure as a Service)

Resources (Compute, Storage, Network)
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Gartner Hype Cycle for Emerging Technologies, 2017
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e An Auction Mechanism for a Cloud Spot Market

e Spot instance pricing as a Service

o
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Computational resources sold by a cloud provider can
be characterized:

*  As anon-storable or perishable commodity

Demand for computational resources 1s:

. non-uniform over time

These motivates the use of dynamic forms of pricing
in order to optimize revenue

Well-designed auction mechanisms are particularly
effective
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e Auction:

A common market mechanism with a set of rules determining
prices and resource allocations on basis of bids submitted from
the market participants.

o (Goals 1n designing auction:
*  Truthfulness,
 Revenue maximization,
« Allocative efficiency,

e  Fairness
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e Optimal mechanism design

When goal of mechanism is to maximize the profit or revenue
for the seller (provider)

e Optimal mechanism design can be categorized in

« Bayesian optimal mechanism design

» the valuations of the participants in the auction are drawn from a known
prior distribution

» based on the seminal work by Myerson

e  Prior free optimal mechanism

» Determining the prior distribution is not practical, convenient or even
possible in advance

» Digital Goods: Competitive Framework by Goldberg and Hartline
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e Amazon Web Services (AWS)

*  Spot Instances (Auction-like mechanism)
» Customers communicate their bids for an instance hour to AWS.
» AWS reports a market-wide spot price at which VM instance use is charged,

» while terminating any instances that are executing under a bid price lower than
the market price.

Spot Instance Pricing History Cancel X

Product: Linu/UNX Instance Type: milarge v Date Range: 1week v

$0.1700
$0.1650
$0.1600
$0.1550

£0.1500
Mar 16 Mar 17 Mar 18 Mar 19 Mar 20 Mar 21 Mar 22 Mar 23

e The design of an auction mechanism Efficient, fair, and profit-
maximizing is a Open research challenge and of great interest to cloud
providers.
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Cloud Provider

n bidders
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o Aimed at maximizing profit (generates near
optimal profit for the provider)

e A multi-unit, online recurrent auction, two-
dimensional bid domain

e Single Price

e A priori free

e Envy-free

o Truthful with high probability

Adel Nadjaran Toosi, Kurt Vanmechelen, Farzad Khodadadi, and Rajkumar Buyya, “An Auction Mechanism for Cloud
Spot Markets,” ACM Transactions on Autonomous and Adaptive Systems, Volume 11, Issue 1, 2016.
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o Optimal Single Price Auction: F(d)

Bid price
A
$8 ——
56 1
. T
P . P - i » .
2 1 3 1 5 Quantity

e The order-independent auction 1s truthful.
o  Optimal order-independent: F(d_;)
. Not single price (i.e., not envy-free)
. It is not fair
How to compute a single price for an order-independent auction
while attaining the revenue of the optimal auction?
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o We are interested in a mechanism that provides us
ith a sufficiently accurate estimate of
W sufficiently accurate es €0 F(d)

o While the estimate is constant on d; for a1 1 (1.e., 1t
achieves consensus).

¢ T ( d ) 1s limited by a constant fraction of F(d)

Adel Nadjaran Toosi

1 mlyossible to pick a good estimate
We consider a limit on maximum quantity (1)
Let r denote the supremum of the number of requested units in d
Let m be the number of sold units in F
m—r

—LF(d) < F(d) < F(d)

We use Consensus Revenue Estimate

Cr_E(LSOCFB S Slide 21/89
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The reserve price for most
perishable goods and services
1s considerably low at their
expiration time -

prs— ’u - sama

* A reserve price is the lowest possible price that the provider
accepts.

»  The reserve price for flight seats is theoretically negligible.
A significant part of the service cost in cloud data centers
1s related to power consumption of physical servers.

We propose a method for calculating dynamic reserve
prices based on a cost model that incorporates data center
PUE (load, outside temperature), and electricity cost.
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Algorithm 3 The Online Ex-CORE Auction

Input: d, payr, Poptpro & d is the list of orders, sorted in descending order of bids, p, is
current market price, poptprv is the optimal single price in the previous round.
Dutput p &> Sale Price
: Popt + opt(d)
if Popt = Poptpro then
return peyr
end if
r « the largestr; ind
m +— argmax b;o;(d)
ai(d)
if m < r then
return pgp; &> single optimal price
9: else
10: p+
11:  Findcinpln(c)+p—c=0
12: u +rnd(0,1) t> chosen uniformly random on [0,1]
13: I« |log.(F(d)) —u]
14 R+ 9

A o o A

&

15:  j ¢ the largestk such that g > b
16: return ,{d}
17- end if

MELBOURNE
Adel Nadjaran Toosi CLO U D S Slide 23/89

LAB



wemee - Benchmark Algorithms

MELBOURNE

o Optimal Single Price Auction (OPT)
o Holding Time Aware Optimal Auction (HTA-OPT)

e Uniform Price Auction
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Number of Orders
Panel variable: Bid distribution

Ratio of gained revenue by the Ex-CORE auction to optimal auction under different
distribution of orders
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SO0 1500 2500 3500 4500 5500 &500 7500
| | | | | | | 1

Reserve Price Active Reserve Price Inactive
B000 auction Mechanism - N
?[m_ ] LUMIFCRERM e - - :—-
— i — Online Ex-CORE m*.‘f:L ﬁ,{.":r’
. 6000 {—mp== OPT . e
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Average profit gained and with different auction mechanisms.
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£n
T
1

Market Price (5)
o
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001 7

p.005H — o | P
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Reserve price (green dashed line) and spot market price generated by online Ex-CORE
(blue solid line) in a sample simulation run when the number of orders is 1500.
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o The implementation of the proposed auction mechanism

* by identif qying a framework called Spot instance pricing as a
Service (SipaaS).
e SipaaS:

. 1s an open source project offering a set of web services to price and
sell VM instances in a spot market.

o Utilizing SipaaS
*  Cloud providers require installation of add-ons in their existing
platform to make use of the framework.
*  An extension to the Horizon —the OpenStack dashboard project

» To employ SipaaS web services and to add a spot market environment to OpenStack.

Adel Nadjaran Toosi, Farzad Khodadadi, Rajkumar Buyya, SipaaS: Spot instance pricing as a Service framework and its
implementation in OpenStack. Concurrency and Computation: Practice and Experiences (CCPE), vol. 28, no. 13, pp. 3672-
3690, Wiley, doi:10.1002/cpe.3749, Aug. 2015
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Cloud Customers

?3

User Interface

)

e

g Web Services Call é - .
8; . Extension
> o ., Module
{g’. Response L Cloud
Database 4 ?, 1 I Provider ﬁ\

s Resource Manager

\Sipaas Frameworly [ W
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Http Request

SipaaS Architecture

Web Services

(REST Call)

Http Response

(Front Controller)

N
Dispatcher Servlet

}
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p
Pricing Module

Controller

Adel Nadjaran Toosi

(JSON objects)

(Java Class)

(Java Class)

~

Hibernate

!

View

L (JSON Objects)

Spring MVC
Framework

CLoups
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(Java Library)
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[.1st web services

RE B Y
Web Service Name Input parameter(s) Output
register name credentials
unregister accesskey, secretkey status
regvmtype accesskey, secretkey, type status
unregvmtype accesskey, secretkey, type status
setavailables accesskey, secretkey, vimtype, quantity price
setmaxgty accesskey, secretkey, vimtype, quantity status
setreserveprice accesskey, secretkey, vimtype, value price
setmaxprice accesskey, secretkey, vimtype, value status
addorder accesskey, secretkey, vintype, quantity,bid, ref price
updateorder accesskey, secretkey,quantity, ref price
removeorder accesskey, secretkey, ref price
pricehistory accesskey, secretkey, vimtype, fromdate, todate price(s)

Adel Nadjaran Toosi
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o To add spot market facilities to OpenStack,

 Extended Horizon to be capable of using the services provided by
SipaaS.

o« We added a new panel through which system
administrators are capable of enabling spot market
support

Maximum and minimum amount of bid price for users,
Number of available VMs for allocation,
e  Maximum number of VMs a user can request.
o We added panels for requesting spot instances and
viewing spot market price history

MELBOURNE
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Requesting spot instances web page

Request Spot Instances

Detailz *  Access & Seeurity *

Availability Zone:

nova

Instance Name: *

lest

Flavor *

ml.nane

Instance Count: *

3
Bid Amount: *

0.0190

Instance Boot Source: *

Boot frem image

Image Name:
cirros-0.3.2-x86_64-uec (24.0 MB)

3 o Dy
Rz

Post-Croation Advanced Options

Specify the detalls for launehing an instance.

aAm

Thea chart below shows the resources used by this project
in relation to the project's quotas .

Flavor Details
Name m7.nano
VCPUs 1
§ Root Disk 0GB
Ephemeral Disk 0GB
Total Disk 0GB
RAM B4 MB
Project Limits
Number of Instances
[
v Number of VCPUs
[ ]
Total RAM

£ L]
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3 openstack

Project

Compute
Chvaryiow

natances

Volumes

mages

Access B Secunty
Spot Pricing History
Spot Instances

Orchestration
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Spot Pricing History Webpage
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Auction na Sign Out

Spot Pricing History

mi.nana .
ChATT by 3MEnarts.com

0.2

0.3

usD ($)

15:50 16:00 16:10 L6:20 16:30 16:40 15:50 17:00 17:10 17:20 17:30

chart by amcharts.com
1

From: 08-08-2014 16:42:64 |y 06-08-2014 17:31:46 Zoom- 1 Hour 24 Hours TD&r:ﬁhbrrm 3 Months  Max
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manmmor | Sequence diagram of an order
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submission handling .
% Horizan Sipaas OperStack - MNova APl

1.1: Generate unigue
rafarence number

1.2: Add order

T
|
|
|
|
|
|
|
|
|

1.2.1: Compute Price |
|

1.2.2: Price |
|
|
i
|
|
|
|
|
|
|
|
|

[If Price > Bid]
1.3: Remove order

1.5: Instantiate Vs I

|
|
|
| 1.6 List of vMs
e —— +-—_
|
t
L.7: Findl out-of-bid |
orders |
|
|
|
|
|
|

Iung)
[For all out-of-bid orders]
1.5: Remowve order

1.9: Price (Acknawledgment) %H
I 1.10: Terminate VMs

|
T
| 1.11: Acknowledgements
e e —— 4 __
!
|
|
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e We conducted 20-minute experiment with 10
participants (1.€., spot market users).
«  Participants are selected from a group of professional cloud users
who have satisfactory level of knowledge about the spot market.
o Participants are divided into two groups of five:
(1) Group T or truthful bidders and

e (1) Group C or counterpart bidders who have the freedom to
misreport their true private values to maximize their utility

User Price Value ($) | Quantity
Tl1, Cl 0.0691 2
T2,C2 0.0092 1
T3,C3 0.0475 1
T4, C4 0.0232 2
TS, C5 0.0184 1
MELBOURNE
Adel Nadjaran Toosi CLO U D S Slide 36/89

~ LAB



THEP:‘:‘\IVERS‘;‘Z;:( OF Uti 1 ity F un C ti 0 n

MELBOURNE

3 o Dy
Rz

o Utility function for one time slot instance usage,
formulated as below:

| (qv—rp)zx, ifb>pandr > gq;
u(r,b) = { 0, otherwise.

e 1:requested number of instances

e b: bid price value

e (: true private quantity

e V:true private price value

e p: spot market price at the time of order submission

 X: A Boolean value describing whether the order is accepted or
not, respectively.

MELBOURNE
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0.45

0.40 — —

0.35

0.20 —

0.25

0.20 —

Price (%)

I I e

16:00 16:05 16:10 16:15 16:20

Time

Spot market price fluctuation during the experiment.
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User || Total Cost ($) | Number of Full Time Slots | Utility Value ($)
TI 1.2964 16 0.9148
Cl 1.8216 17 0.5278
T2 0.0000 0 0.0000
C2 10.0227 18 -9.8571
T3 0.1896 6 0.0954
C3 0.2280 8 0.1520
T4 0.0436 | 0.0030
C4 3.6810 5 -3.4490
TS5 0.0000 0 0.0000
C5 0.0738 2 -0.0370
Total cost, the number of full time slots usage, and utility value of
experiment participants.
Adel Nadjaran Toosi CLO U D S Slide 39/89
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o Response time 1s the main performance metric taken
into account 1n the design and implementation of
service-oriented systems.

o We evaluated the scalability of the system in terms of
response when demand (1.e., number of orders)
gTOWS.

o To evaluate the responsiveness of the framework,

«  Wedeveloped a web robot (Bot) application that generates order
requests and submits them to the framework.

« It generates RESTful requests based on Application Programming
Interfaces (APIs) of SipaaS and measures the response time delay
for each request.

MELBOURNE
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o Bid prices: bid prices are drawn from a uniform
distribution bounded by (0; $0:4500].

o Quantity: The value for the requested number of

instances in each order 1s drawn from a uniform
distribution bounded by [1, 20]

e Arrival time: The arrival time of the order requests
are generated following a Poisson process

o Holding time: is modeled by Pareto distributed
random variables

MELBOURNE
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o The testbed used to deploy SipaaS web services for
performance evaluation:
«  HP EliteDesk 800 machine with following hardware specifications:
 Intel(R) Core(TM) 17 Processors @ 3.6GHz.
« 16 GB, 1600 MHz DDR3 SDRAM.
 Seagate STS00LM000 HPDA WU 500GB.

MELBOURNE
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Response Time (ms)

70

60

504

40

304

204

10 100 1000 10000 100000
MNumber of Orders

Figure 10. The mean and 95% Confidence Interval (CI) of the response time by
the SipaaS framework against the number of submitted orders.
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o Capacity Control in Infrastructure as a Service Cloud

Markets
o
o
o
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 on-demand pay-as-you-go
» Generates highest revenue per unit capacity é
» Demand uncertainty @

«  Reservation (subscription)
» Risk-free income from reservations %
» Guaranteed cash flow through long-term commitments é
» Compensate for the demand uncertainty of on-demand pay-as-you-go é,
» Generates lower revenue per unit capacity
» The provider is liable to offer guaranteed availability to honor SLA@

Spot market
» Selling spare capacity in the data center%

» Attract price-sensitive users that are capable of tolerating service interruptionsé,

» Without being exposed to the risks resulting from overbooking capaci

MELBOURNE
Adel Nadjaran Toosi CLO U D S Slide 45/89
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The use of multiple pricing plans

Cloud Custome rs

introduces:

. Non-trivial trade-offs in revenue % %
maximization mer.mm

Our main research question is the [ “‘*"E““i:“;;';"if;"‘ci:t,iﬁ"““”‘ }

following:

e . . . . . .
with limited resources available, and considering ,-

the dynamic and stochastic nature of customers’ (" Reservation

demand, how can expected revenue be maximized payasyougo |

through an optimal allocation of capacity to each

pricing plan?” laas Cloud Provider

MELBOURNE
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e We frame our algorithmic contributions
«  Within a revenue management framework
«  Supports the three presented pricing plans

e Incorporates an admission control system for requests of the
reservation plan.

o We formulate the optimal capacity control problem

*  As a finite horizon Markov Decision Process (MDP)
e A stochastic dynamic programming technique

» To compute the maximum number of reservation contracts the provider must accept

» For a large capacity provider the stochastic dynamic programming technique is
computationally prohibitive.

*  We therefore present two algorithms to increase the scalability of
our solution

MELBOURNE
Adel Nadjaran Toosi CLO U D S Slide 47/89

y LAB



THEP‘SNIVERS;?:{ OF C Ontributions

MELBOURNE REY

e Proposed Algorithms
*  Optimal Algorithm

» A stochastic dynamic programming technique

» As a finite horizon Markov Decision Process (MDP).
*  Pseudo Optimal Algorithm

» Based on optimal algorithm

» Only increases the spatial and temporal granularity of the problem

» To solve it in a time suitable for practical online decision making

*  Heuristic Algorithm
» Sacrifices accuracy to an acceptable extent to increase scalability

» Through a number of simplifying assumptions on
+ Reserved capacity utilization and
# The lifetime of on-demand requests.

MELBOURNE
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Algorithm 1 Pseudo Optimal Algorithm . .
npu 11,1 e Details of Optimal
bt MAXrer .
1 :Ii? + {—1} & matrix dp is used for memoization and all cells ane initialized with -1. Algorzthm
z function V{t, I, I, is) . .
x  ifdplt][F]U5]i] # —1 then . Computational Complexity
& “dm_fh-m dplt] [i7] (7] [5:] 5 5
& it then O(TX C> X |u| )
7: dplt] [E]I]li] =0
B return 0
%  endif
i:} Eii:ei: :J“ minI:C _ f; _ J':, fi] do [ J B: The number Of VM
1= rev +— .
B D Ein—g instances per block of
14 n,d—rni:n[C‘—J';—If_—r,,dﬂ . .
15 I'l'li.I'L C —_ Ft (L —I;r— o by
s ;r[: . —I:rj;;{ HB:; ; ) capacity
17: Yl Fe ) + BAryg 4 BT (ap(l 4 re ug, + ° —
- f“ﬁ”’] Eﬁm} e.g., B=100 VMs
18 rlf  + 0tolf + o do eqqe
1o foria ¢~ 0to U] do e T: The number of billing
20k PlgealCe Fe ) Bin (17, 05 + o, 3) % Pluy = ug ) .
21: i !E'D4—!E‘E'-I—'}'l:g,-,!;:l-l—?l:g;_j_lghftjl ){\l'{f‘-l- l,f;_'_l_,f:_'_l_,f”j] Cycles per tlme Slot
22 ETH ar
: end for
w itred = masreo then . e.g., T =168 hours.
25: MAaxren + rev
2 end if
g end for
el dp(t] 7] 1] [i:] + maxren
29 returm maxrev
atk end function
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moemmmer e heuristic algorithm

A
C 3\
On-demand instance =
=
Reserved instance >, @
3
Empty slot U
Reserved Capacity —
2y
Time
o  Computational Complexity: O(T x C)
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management framework
Requests
e e st ettt
! I
: I
I History :
: Collector "
I
: Reservation |
: Requests |
I Reserved Prediction !
: Capacity Module v :
: Analyzer ' N !
: Admission !
I
Future Demands (d) I
: I > Controller — P Reject
I Utilization {u) I
I
: g Algorithm :
: \. J
, Revenue Management Framework & !
N I
Accept
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o We evaluate our proposed framework through:
. Large-scale simulations (12 months)

. Driven by cluster-usage traces that are provided by Google.

o No publicly available workload traces of real-world IaaS clouds:

. We propose a scheduling algorithm that generates VM requests based on the
user resource usage in these traces.

e Pricing conditions that are aligned with those of Amazon EC2
o Benchmark Algorithm:

. no admission control referred to as no-control

o Simulation Environment

. Extended CloudSim (pricing plans and the proposed revenue management
framework)
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1.9
Algorithm
1.6+ [[] Heuristic
1.7 [ ] Pseudo Optimal
S
3 16 éﬂ
: i
= 1.5+
? 1.4 éﬂ
-
€ 1.3-
E 3
Z 1.2- %
1.1- éﬂ Eﬁ
1.0 % '7% 4+ B . .
600 1000 1400 1800 2200 2000 3000 3400
Capacity
The revenue performance of the proposed revenue management framework under
different algorithms normalized to the outcome of no-control algorithm
(B=100 and T = 75).
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Panel variables: B, T n.:ﬁ u.|s5 u_|95
1,1 ' 12 1,3
- 1 —{i— —F—
Algorithm
[] Heuristic
=[] Pseudo Optimal ]l _m_ _B:l_
21 2,2 2,3
—E— - |
f —- K
3,1 3,2 3,3
- —f —F— —{
- T —
075 085 095 " 075 085 095

The revenue performance of the pseudo optimal and heuristic algorithms with different values
of B and T. All values are normalized to the outcome of the optimal solution.
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o Geographical Load Balancing for Sustainable Cloud
Data Centers

o
o
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o Data centers used for hosting cloud applications
consume large amount of electricity

*  High operational cost for the cloud providers

*  High carbon footprint on the environment.

e According to the US Natural Resources Defense
Council, (www.nrdc.org):

«  US data centers alone consumed 91 billion kilowatt-hours of
electricity, equivalent to two-year power consumption of all
households in New York city

*  This 1s projected to be responsible for the emission of nearly 50
million tons of carbon pollution per annum in 2020.
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e Cloud service providers are working hard:

To reduce their energy consumption

Their dependence on power generated from fossil fuels (i.e., Brown
energy)

o Using renewable energy

e  Direct investments in on-site green power generation

» Companies such as Google, Microsoft and Amazon

“Amazon Web Services (AWS) is building a wind farm that
will be operational by end-2016 that generates 40 percent of
its electrical usage from renewable energy sources”
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o Intermittency and unpredictability of renewable
energy sources

Powering data centers entirely with renewable energy sources is
difficult.

e Sources of energy for data centers:
*  (Gnid power or brown energy
° Renewable energy sources or green energy
o Challenge:

To minimize brown energy usage

 To maximize renewable energy utilization
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“with limited or even no a priori
knowledge of the future workload, and
dynamic and unpredictable nature of
renewable energy sources, how does one
allocate requests to each data center such
that the total cost of power consumption
is minimized and the overall renewable
enerqgy utilization is maximized?”
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Request
Load Balancing

D
11 .
2 Algorithm I
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I
Arrival 6
Quantity 3
2

Lifetime

NNG T
NP wT

Data Centerd1

Utility (Brown) power -
Renewable power |:|

Data Center d2
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o This leads to the O(n™) different state variables.

o Exponential time complexity given a bounded number of
data centers.

o The complexity can be improved using techniques such as
branch and bound.

» It does not reduce the worst-case time complexity.
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e We present a fuzzy logic-based load balancing algorithm
that only uses recent data history to tackle the
geographical load balancing problem.

e Why fuzzy logic?
*  Fuzzy logic is conceptually easy to understand and mathematical
concepts behind fuzzy reasoning, even though subtle, are very simple.

*  Fuzzy logic systems are good at dealing with uncertainty and lack of
perfect information.

*  Fuzzy logic reasoning is among the best techniques, for solving non-
linear systems with an arbitrary complexity and large number of inputs.

Adel Nadjaran Toosi and Rajkumar Buyya, A Fuzzy Logic-based Controller for Cost and Energy Efficient Load Balancing
in Geo-Distributed Data Centers, In proceedings of the 8th IEEE/ACM International Conference on Utility and Cloud
Computing (UCC'15), Limassol, Cyprus, Dec. 2015

MELBOURNE
Adel Nadjaran Toosi CLO U D S Slide 62/89

’ LAB



mwor — F1ZZy Logic-based Load Balancing

MELBOURNE

& o Dy
@fﬁ’is%ﬁ

e Input values computed within a window of size/# 1n the recent

history for Datacenter i:

. The utilization of renewable energy sources (U,): is a value in the range [0, 1]
and is computed as the ratio of the number of used to the total number of
available renewable power units.

. Amount of brown energy consumption (B,): is a value in the range [0, +0)
and is computed as the ratio of the total number of units of brown power units
used to the total number of available renewable power units.

. Average price of electricity in the location (F)): is the average price for an
unit of power.

e  Output (Varies between 0 and 1)

. specifies the suitability of each data center for routing the request, where 0
shows the lowest suitability and 1 shows the highest suitability.
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o We conduct experiments based on simulation to study the
performance of fuzzy logic-based load balancing (FLB).
CloudSim, a discrete-event Cloud simulator.
e Our aim 1s to understand the renewable energy utilization
and cost performance of FLB in realistic settings.

o In order to achieve our goal, we consider a case study
based on real-world traces for the workload, renewable
availability, and electricity prices.
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o Traces of Google cluster-usage
. Google cluster of 12K physical servers
. 933 users
. Over a time period of 29 days
. Devised Scheduling algorithm

1

o
o
T

04 r

0.2 r

Normalized Workload

0 5 10 15 20 25 30
day
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o Renewable Energy

Meteorological data traces database of National Renewable Energy
Laboratory (NREL)

Wind turbines (GE 1.5MW wind turbine with efficiency of 40%)
and solar panels (500m? with efficiency of 30%)

The model proposed by Fripp and Wiser is employed where the
wind speed, the air temperature, and the air pressure measurements
in the location of each data center fed into the model.

o Electricity prices

Wholesale electricity price information for each hub is collected
from the website of Energy Information Administration (EIA)
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o Future-Aware Best Fit (FABEF): it routes each request
to a data center leading to the lowest cost of the request
accommodation irrespective of upcoming requests.

e Round Robin (RR): It routes requests to data centers in
circular order with null information about the status of
data centers.

o Highest Available Renewable First (HAREF): It routes
requests to the data center with the highest amount of
available renewable energy at the current time slot.
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The green power utilization of different
algorithms normalized to the outcome of the RR
algorithm.

The total cost of different algorithms normalized to
the outcome of the RR algorithm.
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Effect of window size on the total cost performance of FLB and
FABEF normalized to the outcome of the RR algorithm.
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Adel Nadjaran Toosi, Chenhao Qu, Marcos Dias de Assuncao, and Rajkumar Buyya, Renewable-aware Geographical Load
Balancing of Web Applications for Sustainable Data Centers, Journal of Network and Computer Applications (JNCA), Vol.
83, pp. 155-168, Apr. 2017.
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Set weights Decision Making
Module
[
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Controller
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Algorithm 1 Green Load Balancing (GreenL.B) Policy

1: R+ 10

2: for all data centers d in the list do

& ¢ 4— Fetch the data cemter’s energy consumption in Watt-hour
within the time window

d: t ¢+~ Fetch the number of requests redirected to the site
within the same time window

5 a 4 Fetch currently available remewable power at the =zite
in Watt

§: w4 Compute Watt-hour consumpticn per request (o< f)

7 74 +— Compute the request rate (#regs/hour) data center d can

accommodate using renewables (a3 w)
B: Re— R4y
5: end for
10: v + Fetch request rate (#regqs/hour} at Global-LE
11: If v < R then

12: for all data centers d in the list do
13: et weight as rg+ R

14- end for

15 elsa

16 Find the data center d' with the cheapest price of brown
energy per regquast.

17: Ly

18: for 211 data centers d im the list except 4 do
18: set welight as rg &7

20: L+—L-r

21: end for

22 Set the weight for o as L+

23 end If

24: Update HAProxy welights accordingly
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Figure 6: The English Wikipedia workload . . . :
for 19" and 20" of September 2007. Figure 7: Electricity prices for two days.
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Site Metric RR Capping | GreenLB
Power Consumption (kWh) 36.2 42.9 41.2
Lyon | Brown Consumption (kWh) 13.3 19.0 16.9
Cost (€) 1.71 2.31 2.01
Power Consumption (kWh) 32.5 32.5 35.4
Reims | Brown Consumption (kWh) 3.1 1.1 1.9
Cost (€) 0.42 0.15 0.27
Power Consumption (kWh) 36.4 29.7 28.3
Rennes | Brown Consumption (kWh) 0.3 2.9 2.6
Cost(€) 1.23 0.39 0.35
Power Consumption (kWh) 105 105 105
Total | Brown Consumption (kWh) 25.7 23.0 21.4
Cost(€) 3.36 2.85 2.63
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e Summary
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o Discussed envy-free auction that is truthful with
high probability generates a near optimal
profit for the cloud provider.

e A revenue management can efficiently allocate
capacity to different markets, 1.e., reservation, on-
demand pay-as-you and spot markets.

o Geographical Load Balancing for efficient
utilizing renewable energy.
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Thank you!

Questions?
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