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A virtualized data center
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What do we want?

An automated resource management system for the VDC

Design goals

Ensures that all applications running in the VDC can meet their
SLOs when theredbs sufficient res

When there Is resource contention, ensures higher-priority
applications receive better performance than lower-priority
applications

All resource allocation decisions should be made automatically
without human intervention

What are the new technology enablers to make this
happen?
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New technology enablers

Actuators:

APIs for dynamic resource allocation to VMs
CPU shares/weight and caps/limits
Memory balloon driver
disk 1/O shares
network 1/0?

Live migration of VMs
Sensors:
resource usage sensors for hosts and VMs

additional sensors for application performance
(response time, throughput)

Client side and server side
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Why is this hard?

Mapping application-level SLOs to system-level
resource reguirements is nontrivial

Application performance depends on its access to
multiple system-level resources (cpu, mem, 1/O)

Distributed IT applications require resource allocations
across multiple tiers

Time-varying workload demands 7 making static
resource allocation inappropriate

Performance interference among applications sharing
the same infrastructure

What can we leverage from control theory?
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A control-theoretic approach
What are the strengths?

S1: Quantitative input-output models

S2: Dynamics and transients

S3: Correlation between multiple metrics
S4: Well-Studied control algorithms

S5: Tradeoff between responsiveness and
stability

S6: Nonlinear and time-varying behavior

X. Zhwu, Z. Wang, S. Singhal, M. Uysal, A. Mer c h e
theory bring to systems research?0 ACM SI GOPS Og
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S1: Quantitative input-output models

An Iinput-output view of a system

ld: disturbance

u: control knobs y: measurements

settings ,| target system of interest
(inputs) (outputs)

Examples for inputs: Examples for outputs:
Aadmission control parameters Aapplication QoS
Aresource allocation Aresource utilization
Ano. of threads in application Aqueue length
Acache size Acache hit ratio
Acontent quality level Aservice differentiation ratio

Examples for disturbance: resource bottlenecks not under control,
workload changes, system failures
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S1: Quantitative input-output models
What 0s -autputimodeld@ t

These may not be the inputs/outputs of the real system
Distinguished from traditional performance models for

computing systems

Some are hard to analyze, e.g., look-up tables
Some more suitable for long-term average, e.g., queueing models

A model is a function G that maps values of inputs (u) into
values of outputs(y): y = G(u)

resource allocations

(u)

workload

(d)

performance metrics

(y)

7

Application
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S1: Quantitative input-output models

How to obtain an input-output model?

First-Principle models: exist only for special cases

a(k) s(K)

/(K) - '

i R e

q(k) = q(k- ) +(/ (k) - s(k))Ts

g(k): queue length
/ (K): arrival rate (reg/sec)

s(k): service rate
(reg/sec)

T,: sampling interval (sec)

Black-box approach: model inferred from empirical data
Used more commonly for computing systems
Model parameters estimated via regression

Design of modeling experiments is critical
Need to cover different operating regions
Need persistent excitation in the inputs
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S1: Quantitative input-output models

What can go wrong without such a model?

The controller cannot adapt to different operating regions
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Quantitative input-output models

What can go wrong without such a model?

The controller may be too aggressive or two slow
Example-controller: u(k) =u(k-1)- K, (k)e(k-1)  fer =80%
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S2: Dynamics and transients

What 60s dynami cs ?

Dynamics represent the transient effects of system
memory | correlation between past and present states

Queuing theory does not capture system transients

Example: Linear-time-invariant (LTI) model:
n m
y(k)=a ay(k-1)+gq bju(k-d- J)+e(k)

i=1 j:O

i n,m: order (length of memory in the system)

i d: delay (when do we observe a change iny after a change in u?)

i a, b: sluggishness and sensitivity

i U noise and disturbance not captured by the model

A Model parameters can be estimated via linear regression

A Low-order models (n=1 or 2) are often good enough i
offers more robustness by ignoring higher-order dynamics

A lgnoring critical dynamics can lead to instability
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S3: Correlation between different
metrics

An output may be more sensitive to one input vs. another

Same input may have different degrees of impact on
different outputs

MIMO models can help quantify these differences
Example:

CPU shares _ _ Measured
Application performance -
disk I/O shares -

7 VM

v(k)=a,y(k- 1D +a,y(k- 2) «—— System memory

Impact of CPU
+ bcpu,Oucpu(k) + bcpu,lucpu(k B 1) allocation

+ bdisk,oudisk(k) + bdiskludisk(k B 1) !nop?;ttis:l sk

13 April 2010 15



S4: Well-Studied control algorithms

Threshold-based algorithms commonly used in computing
systems

Hard to choose the threshold value and size of the control action

Control theory provides a set of mature algorithms
PID controller for SISO systems

Proportional: (k) = er(k_ 1
Integral: u(k)=uk- ) +K,ek-1)

Derivative:  U(K) = K, (e(k- 1) - k- 2))
LOR (Linear Quadratic Regulator) controller for MIMO systems

min J =2Q (eIQek +u1Ruk)
k=1
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S5: Tradeoff between responsiveness
and stability

Feedback can introduce large oscillations to an otherwise
stable system

Theoretical stability implies convergence of measured
output to a constant value

Hard to completely eliminate oscillations in practice

To goal is to minimum oscillation and to provide better
predictability in the output

A fundamental tradeoff exists between stability and
responsiveness (rise time/overshoot and settling time)

This tradeoff is explicitly handled in CT-based algorithms

Example 1 LQR controller Weight matrices for handling tradeoff

min J = é (e@ﬁuéuk)
k=1

13 April 2010
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S6: Nonlinear and time-varying behavior

Two examples

—-700 clients
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Output is a nonlinear
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S6: Nonlinear and time-varying behavior
Adaptive control - a useful tool

Adaptive control theory offers a powerful mechanism for
handling this

Use a linear model to approximate a nonlinear
relationship around an operating point

Model parameters are periodically re-estimated online,
and controller parameters are adapted accordingly

Model parameters

Design criteria Controller l Model
adaptation estimation
Controller
parameters
r e - . target y
——(——| Controller . .
T system

13 April 2010
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A case study

AutoControl i An Automated resource Control
system for applications running inside a VDC

Node | Node Il Node Il
| appLdb | _app4 |
[ app2 ] [appS web] [app3 db}
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Review of design goals

Performance assurance: Ensures that all applications
running I n the VDC can meet
sufficient resource

Service differentiation: When there is resource contention,
ensures higher-priority applications receive better
performance than lower-priority applications

Automation: All resource allocation decisions should be
made automatically without human intervention

Adaptation: The controller should adapt to variations in
workload demands

Scalability: The controller should be scalable to handle
many applications and nodes.
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Two-Layered control architecture

Sensors Performance targets
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controller controller controller

Requested
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Distributed controller implementation

Node |

Node Il

Node Il

appl app2
controller | | controller

Node |
Controller
Node I app3
Controller controller
Node IlI
Controller

ALimit the number of control inputs in each controller:
I application controller: #resources x #tiers/application
I node controller: #resources x #VMs/node

13 April 2010

23



Application controller

Internal structure

past allocation
(u_(k-1), u_(k-2), ...)

performance L _
target (y) T Model Estimator

past performance
Ty (k1) v (k-2), ...)

lmodel(a1(k-1), a,(k-1), b (k-1), b.(k-1))

—| Optimizer |<—— stability factor q

:

new requested
allocation (¢(k))




Application Controller

Adaptive black-box model estimator

Resource > —_— App
Shares ] performance

\d

$K) = a fik - 1) +a, %k - 2) +bu(k- ) +bu(k- 2)

N

Normalized performance ﬁ(k) — ya(k)/ Va Vector of resource allocations

MISO model captures multiple tiers and multiple resource types

Use normalized performance metric
Allows dealing with different metrics with different units
Online estimation using recursive least squares (RLS)
Approximates nonlinearity and workload dependency
Second-order ARMA models are used in our implementation
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Adaptive model estimator

An example from case study
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Application Controller

Online optimizer

Determines best allocations to minimize cost function

Tradeoff between stability

J.=J, 4((5;3 J. and responsiveness

Performance cost
Penalizes deviation of application performance from its target

Jp. = (HK) - D?

Control cost
Limits the change of each control action and improves stability

JC — (Ucpu(k) N ucpu(k N 1))2 + (Udsk(k) - udsk(k N 1))2

Optimal resource allocation

Modeld predicted performance deviation

U (k) = (bobg +al) '(I—_a¥k- 1) - a,¥k- 2)- bju(k-D)b, +qu(k- 1]
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Node controller

node-level arbiter to determine final allocation

App Controller | App Controller Il App Controller 1
. _ _ Requested
U, @ + U, @ + U, @ resource

Optimization:

> total Node Controllerjgare min J_= a W,

Final resource ~
allocations st au,, =1
a

(r = cpu, disk)
CPU scheduler Disk 1/O scheduler .
P, Is the penalty on

performance deviation



Experimental evaluation
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Synthetic workloads
Node Il: DISK -> CPU bottleneck
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