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Applications in the Cloud

WWW

Netflix moved to Amazon Web Services in 2010
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Days0 1 2

Demand

Server Capacity

Traditional Enterprise Operation

Over-provision
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CPU
Demand

# VMs

Auto Scaling in the Cloud

Reduced cost: from infrastructure investment  
to metered billing (pay-as-you-go)
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Days0 1 2

Bandwidth
Demand

Available
Bandwidth

No bandwidth guarantee!

Unappealing to delay-sensitive applications 
Video-on-Demand, Gaming
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Bandwidth Reservation

H. Ballani, P. Costa, T. Karagiannis, and A. Rowstron, 
Towards Predictable Datacenter Networks 
ACM SIGCOMM ’11
C. Guo et al.
SecondNet: a Data Center Network Virtualization 
Architecture with Bandwidth Guarantees
ACM CoNEXT ’10

is becoming feasible for traffic 
from a VM to the Internet
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Can We AutoScale Bandwidth?

A Naive Idea: 
if bandwidth utilization > 90%, 

reserve more bandwidth.

Apps don’t know demands!

Passive!

Individual reservations are costly!

No guarantee!
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Utilize the Data and 
Computing Power in the Cloud
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VoD Apps

Bandwidth Reservation 
Request Direction
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Prediction

From IaaS to Platform as a Service (PaaS)

Predictive

Quantitative

Multiplex
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Data Mining

UUSee: a VoD provider based in China

200+ GB traces, 21 days

reports of online users every 10 minutes

Bandwidth demand in each video channel
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Prediction based on Learning

Predict expected demand 

Estimate demand variation
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Seasonal ARIMA Models

Time periods (1 period = 10 minutes)
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GARCH modeling of volatility
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Prediction Results

Expected demand of each tenant μi 

Demand standard deviation σi

Demand covariance matrix Σ = [σij]
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Individual Reservation

Pr(Di > Ri) < �

Tenant i : random demand Di

If Di is Gaussian, then

Ri = µi + θ(�)σi

A constant

Small constant
Service Level Agreement

Tenant i wants to reserve Ri bandwidth s.t.
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Mixing anti-correlated demands 

saves bandwidth reservation
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Fig. 3. Using demand correlation between channels, we can save the total bandwidth reservation, even within each 10-minute period, while still providing
quality assurance to each channel. DC: data center.

data centers might be owned by different cloud providers. As
a result, it is complicated if not infeasible to implement a
gateway that can continuously watch resources of each cloud
provider (instead of every 5 minutes as offered by free cloud
watch services) and redirect requests instantaneously across
cloud providers. Even if requests can be redirected instan-
taneously to lightly loaded data centers when the playback
quality degrades, significant engineering efforts are required
to monitor the video playback quality at end users.
Quality-Assured Bandwidth Multiplexing. The bandwidth

demand of each video channel can fluctuate drastically even at
small time scales. To avoid performance risks, the bandwidth
reservation made for each channel in each ∆t period should
accommodate such fluctuations, inevitably leading to low
utilization at troughs, as illustrated in Fig. 3(a) and (b). Trough
filling within a short period such as 10 minutes is hard with
too many random shocks in demand.
However, our load optimizer strives to enhance utilization

even when ∆t is as small as 10 minutes by multiplexing
demands based on their correlations. The usefulness of anti-
correlation is illustrated in Fig. 3(c): if we jointly book capac-
ity for two negatively correlated channels, the total reserved
capacity is Asum < A1+A2. Besides aggregation, we can also
take a part of demand from each channel, mix them and reserve
bandwidth for the mixed demands from multiple data centers.
As an example, in Fig. 3(d) and (e), the aggregate demand
of two channels is split into two data centers, each serving a
mixture of demands, which still leads to a total bandwidth
reservation of Asum. In each ∆t period, we leverage the
estimated demand correlations to optimally direct workloads
across data centers so that the total bandwidth reservation
necessary to guarantee quality is minimized.

III. LOAD DIRECTION AND BANDWIDTH RESERVATION

In this section, we focus on the load optimizer. Suppose
before time t, we have obtained the estimates about demands
in the coming period [t, t+∆t). Our objective is to decide load
direction W so as to minimize the total bandwidth reservation
while controlling the under-provision risk in each data center.
The question of how to make demand predictions will be the
subject of Sec.IV.
We first introduce a few useful notations. Since we are

considering an individual time period, without loss of gen-
erality, we drop subscript t in our notations. Recall that
the VoD provider runs N video channels. The bandwidth
demand of channel i is a random variable Di with mean µi

and variance σ2
i . For convenience, let D = [D1, . . . ,DN ]T,

µµµ = [µ1, . . . , µN ]T and σσσ = [σ1, . . . ,σN ]T.
Note that the random demands D1, . . . ,DN may be highly

correlated due to the correlation between video genres, viewer
preferences and video release times. Denote ρij the correlation
coefficient of Di and Dj , with ρii ≡ 1. Let Σ = [σij ] be the
N × N symmetric demand covariance matrix, with σii = σ2

i

and σij = ρijσiσj for i #= j.
The VoD provider will book resources from S data centers.

Denote Cs the upper bound on the bandwidth capacity that can
be reserved from data center s, for s = 1, . . . , S. Cs may be
limited by the available instantaneous outgoing bandwidth at
data center s, or may be intentionally set by the VoD provider
to geographically spread its workload and avoid booking
resources from a single data center. Let Csum =

∑

s Cs be the
aggregate utilizable bandwidth capacity of all S data centers.
Throughout the paper, we assume that Csum is sufficiently
large to satisfy all the demands in the system.1
We define a load direction decision as a weight matrix

W = [wsi], s = 1, . . . , S, i = 1, . . . , N , where wsi represents
the portion of video i’s demand directed to and served by
data center s, with 0 ≤ wsi ≤ 1 and

∑

s wsi = 1. We
observe that ws = [ws1, . . . , wsN ]T represents the workload
portfolio of data center s. Given ws, the aggregate bandwidth
load imposed on data center s is a random variable

Ls =
∑

i wsiDi = wT
s D. (1)

We use As to denote the amount of bandwidth reserved from
data center s for this period. Clearly, we must have As ≤ Cs.
Let A =: [A1, . . . , AS ]T. To control the under-provision risk,
we require the load imposed on data center s to be no more
than the reserved bandwidth As with high probability, i.e.,

Pr(Ls > As) ≤ ε, ∀s, (2)

where ε > 0 is a small constant, called the under-provision
probability.

A. The Optimal Load Direction

Given demand expectations µµµ and covariances Σ, and the
available capacities C1, . . . , CS , the load optimizer can decide
the optimal bandwidth reservation A∗ and load direction W∗

1A rigorous condition for supply exceeding demand is given in Theorem 1.
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Fig. 3. Using demand correlation between channels, we can save the total bandwidth reservation, even within each 10-minute period, while still providing
quality assurance to each channel. DC: data center.

data centers might be owned by different cloud providers. As
a result, it is complicated if not infeasible to implement a
gateway that can continuously watch resources of each cloud
provider (instead of every 5 minutes as offered by free cloud
watch services) and redirect requests instantaneously across
cloud providers. Even if requests can be redirected instan-
taneously to lightly loaded data centers when the playback
quality degrades, significant engineering efforts are required
to monitor the video playback quality at end users.
Quality-Assured Bandwidth Multiplexing. The bandwidth

demand of each video channel can fluctuate drastically even at
small time scales. To avoid performance risks, the bandwidth
reservation made for each channel in each ∆t period should
accommodate such fluctuations, inevitably leading to low
utilization at troughs, as illustrated in Fig. 3(a) and (b). Trough
filling within a short period such as 10 minutes is hard with
too many random shocks in demand.
However, our load optimizer strives to enhance utilization

even when ∆t is as small as 10 minutes by multiplexing
demands based on their correlations. The usefulness of anti-
correlation is illustrated in Fig. 3(c): if we jointly book capac-
ity for two negatively correlated channels, the total reserved
capacity is Asum < A1+A2. Besides aggregation, we can also
take a part of demand from each channel, mix them and reserve
bandwidth for the mixed demands from multiple data centers.
As an example, in Fig. 3(d) and (e), the aggregate demand
of two channels is split into two data centers, each serving a
mixture of demands, which still leads to a total bandwidth
reservation of Asum. In each ∆t period, we leverage the
estimated demand correlations to optimally direct workloads
across data centers so that the total bandwidth reservation
necessary to guarantee quality is minimized.

III. LOAD DIRECTION AND BANDWIDTH RESERVATION

In this section, we focus on the load optimizer. Suppose
before time t, we have obtained the estimates about demands
in the coming period [t, t+∆t). Our objective is to decide load
direction W so as to minimize the total bandwidth reservation
while controlling the under-provision risk in each data center.
The question of how to make demand predictions will be the
subject of Sec.IV.
We first introduce a few useful notations. Since we are

considering an individual time period, without loss of gen-
erality, we drop subscript t in our notations. Recall that
the VoD provider runs N video channels. The bandwidth
demand of channel i is a random variable Di with mean µi

and variance σ2
i . For convenience, let D = [D1, . . . ,DN ]T,

µµµ = [µ1, . . . , µN ]T and σσσ = [σ1, . . . ,σN ]T.
Note that the random demands D1, . . . ,DN may be highly

correlated due to the correlation between video genres, viewer
preferences and video release times. Denote ρij the correlation
coefficient of Di and Dj , with ρii ≡ 1. Let Σ = [σij ] be the
N × N symmetric demand covariance matrix, with σii = σ2

i

and σij = ρijσiσj for i #= j.
The VoD provider will book resources from S data centers.

Denote Cs the upper bound on the bandwidth capacity that can
be reserved from data center s, for s = 1, . . . , S. Cs may be
limited by the available instantaneous outgoing bandwidth at
data center s, or may be intentionally set by the VoD provider
to geographically spread its workload and avoid booking
resources from a single data center. Let Csum =

∑

s Cs be the
aggregate utilizable bandwidth capacity of all S data centers.
Throughout the paper, we assume that Csum is sufficiently
large to satisfy all the demands in the system.1
We define a load direction decision as a weight matrix

W = [wsi], s = 1, . . . , S, i = 1, . . . , N , where wsi represents
the portion of video i’s demand directed to and served by
data center s, with 0 ≤ wsi ≤ 1 and

∑

s wsi = 1. We
observe that ws = [ws1, . . . , wsN ]T represents the workload
portfolio of data center s. Given ws, the aggregate bandwidth
load imposed on data center s is a random variable

Ls =
∑

i wsiDi = wT
s D. (1)

We use As to denote the amount of bandwidth reserved from
data center s for this period. Clearly, we must have As ≤ Cs.
Let A =: [A1, . . . , AS ]T. To control the under-provision risk,
we require the load imposed on data center s to be no more
than the reserved bandwidth As with high probability, i.e.,

Pr(Ls > As) ≤ ε, ∀s, (2)

where ε > 0 is a small constant, called the under-provision
probability.

A. The Optimal Load Direction

Given demand expectations µµµ and covariances Σ, and the
available capacities C1, . . . , CS , the load optimizer can decide
the optimal bandwidth reservation A∗ and load direction W∗

1A rigorous condition for supply exceeding demand is given in Theorem 1.
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Statistical Bin Packing (Integer 
Programming)

M. Wang, X. Meng, and L. Zhang, 
Consolidating Virtual Machines with Dynamic
Bandwidth Demand in Data Centers
INFOCOM 2011 Mini-Conference

A. Epstein, D. Breitgand
Improving Consolidation of Virtual Machines 
with Risk-aware Bandwidth Oversubscription 
in Compute Clouds
INFOCOM 2012 Mini-Conference
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�
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Formulation:
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�
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w11

w12

w21

w22
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For Gaussian demands 

E[Ls] + θ(�)
�

var[Ls] ≤ AsPr(Ls > As) ≤ �

A constant

Expected demand i

covariance between i and j

var[Ls] =
�

i,j

σijwsiwsj

E[Ls] =
�

i

wsiµi

min
�

s As

s.t. As ≤ Cs,

Pr(Ls > As) ≤ �,
�

s wsi = 1.

Bandwidth reservation
minimization Second order 

cone programming
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Tenant 1

Data 
Center

Data 
Center

Cloud Provider

Tenant 2 Tenant 3

MIX

Problem: each video is replicated to every data center!

Theorem 1: Optimal Solution (Closed Form)
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Suboptimal Solutions

Per-DC Limited Channels

Add channel number constraint per data center:
Integer Programming; Heuristic solutions

Per-DC Optimal
min

�
s As

s.t. As ≤ Cs,

Pr(Ls > As) ≤ �,
�

s wsi = 1.

minAs

s.t. As ≤ Cs,
Pr(Ls > As) ≤ �

Solve for each s one by one

25Thursday, March 29, 2012



Trace-Driven Simulations
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Conclusions

Use smart data and prediction for cloud 
workload management

Probabilistic QoS guarantee and statistical 
multiplexing

Similar to financial risk management

Pricing this guaranteed service
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Thank you!

Google “Di  Niu”

http://iqua.ece.toronto.edu/~dniu/
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