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Load Balancing Using MIMO Linear Control

Abstract

Load balancing is generally a resource allocation problem that can be solved using constraint
optimization methods. However, system dynamics are usually not considered. In this paper we
propose an optimization algorithm that manages system dynamics using multi-input multi-output
dynamic state feedback. In particular, we study the optimization problem in the context of a database
memory allocation problem where the cost function value is unknown but the gradient is known. Our
studies of a DB2 Universal Database Server in an OLTP benchmarking environment indicate that

our approach can be effective in practice.

1 Introduction

The advent of eCommerce has created a need for responsive and cost-effective information technology
(IT) services. However, the increasing complexity of computing systems has resulted in a correspondingly
larger human effort for system configuration, especially the optimization of configuration parameters.
Enterprise level software, especially middleware, has tens to hundreds of configuration parameters. For
example, IBM’s DB2 Universal Database Server has approximately 100 to 200 configuration parameters
(e.g., buffer pool sizes, time delay for writing commit records, maximum number of database applications).
The challenges here are well recognized, as evidenced by efforts such as IBM’s autonomic computing
initiative to develop self-managing systems [1].

Stimulated by the complexity and importance of developing autonomic computing systems, signifi-
cant research efforts have been attracted for both theoretical and practical reasons. In particular, control

theory is emerging as a promising cornerstone to provide rigorous mathematics for designing and analyz-



ing an autonomic controller, which reduces the work of system administrators and provides guaranteed
control performance. Research results of applying control theory to computing systems include flow and
congestion control [2, 3, 4, 5], differentiated caching and web service [6, 7], multimedia streaming [8], web
server performance [9], and email server control [10, 11].

Although many system resource management problems can be formulated as regulation or tracking
problems where the policy objectives are known as reference values, some management concerns opti-
mizing a service level metric (e.g., minimizing the system response time, maximizing server utilization)
rather than regulate it, which typically means that an optimization routine is required. [12] describes a
system that performs on-line optimization of a web server using hill climbing techniques. However, the
approach taken requires a detailed knowledge of the system being optimized in order to construct the
queueing models. A similar concern arises with the approach in [13] who consider how to maximize profits
based on queueing-theoretic formulas. [14] proposes a fuzzy control approach to minimize response time
using a combination of feedback control system and qualitative insights into the effect of tuning param-
eters on QoS. However, only one configuration parameter is considered (online optimization of multiple
configuration parameters is considered in [15] using the direct search method). [16] presents case studies
of using randomly generated configuration settings for application servers. This approach is simple and
generates good results for off-line parameter optimization, but the absence of a guided search may turn
out to be problematic for online optimization. A further concern with all of the foregoing is that none of
the approaches consider the system dynamics that are essential for on-line optimization.

In this paper we propose an optimization algorithm that manages system dynamics using multi-input
multi-output dynamic state feedback. In particular, we study the optimization problem in the context
of a database memory allocation problem where the cost function value is unknown but the gradient is
known. We apply our controller to IBM’s DB2 Universal Database Server since automated configuration
of databases is a pressing issue [17]. While there have been many efforts in this area (e.g., [18, 19]), our
approach differs in that it requires no prior knowledge of the target system being optimized, although we
do require access to the sensors (e.g., disk I/O time measurements) and effectors (e.g., buffer pool sizes).

The remainder of the paper is organized as follows. Section 2 formulates the optimization problem in
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Figure 1: Schematic architecture of database memory management.

the context of database memory management. Section 3 details the control architecture and algorithms.
The experimental results are shown in Section 4 to demonstrate the effectiveness of the proposed controller

with the application to a DB2 Universal Database Server. Our conclusions are contained in Section 5.

2 Problem Formulation

Load balancing is a class of constraint optimization problems where the total resource is constrained and
the resource requirements from different consumers need to be balanced in order to optimize the overall
utility function.

In this paper we consider the load balancing problem in the context of database memory manage-
ment. Figure 1 illustrates the schematic architecture of database memory management. Database clients
interact with the database server through a number of agents for accessing data stored in the tables. The
data and tables are stored in the disks but also cached in buffer pools, sort memory, package cache, and
other components in the memory for fast access. Database performance is largely impacted by memory
configuration. A proper configuration can reduce costly disk I/O time. Database memory can be allo-
cated or reallocated to memory consumers through some configuration mechanism such as configuration
parameters or registry variables. Latest database technology enables dynamic update for most impor-
tant parameters. For example, the buffer pool size can be dynamically altered without stopping and

restarting the database to make the change effective. However, optimizing configuration parameters is
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Figure 2: Tllustrative relationship between saved disk I/O time and memory size for individual memory

component.

time-consuming and skills-intensive, especially for small and medium sized businesses which lack dedi-
cated DBA (database administrator) and extensive knowledge of database performance tuning, and for
the customer workloads that are varying over time and difficult to predict. Therefore, on-line self-tuning
memory is desired to achieve optimal performance.

As shown in Figure 1, the memory tuner operates based on the “benefit” data — simulated saved
disk access time per simulated-increasing memory page per memory component. Figure 2 illustrates the
nonlinear relationship between saved disk time and memory size for memory component . The saved
disk time is increasing when the the memory size is increasing, and becomes saturated when the memory
is large enough to hold the whole table(s). We model this nonlinear relationship using an exponential
function

x; = a;(1 — e~ biw) (1)

where u; denotes the size of memory component i, z; denotes the saved disk read/write time for memory
component i, and a;,b; are model parameters. We assume the additivity of the saved disk read/write
time from multiple memory components. Therefore, for a database with N memory components, the

load balancing problem is defined as to maximize the total saved disk time

N N
maxz = Zm, = Zai(l — e biui) (2)
i=1 i=1



subject to the constraint of the total available memory

N
Zui =cC (3)

and the existence of minimum size requirement for each memory component

Generally, the above optimization problem can be solved using a variety of techniques, which requires
knowledge of the function value (e.g., direct search [20], genetic algorithms) or the knowledge of both
function value and gradient (e.g., gradient methods [21]) where the function value is used in line search
to determine the step size. However, for the database memory management problem the function value,
i.e., the saved disk time, is difficult to evaluate because once the data is in the memory the corresponding
disk access time does not exist. Instead, a statistics collector can be built to simulate increasing memory
pages and to estimate the corresponding simulated saved disk time. This results in the approximated
gradient — so called “benefit”

Yi = % = aibie_bi“i (5)

where y; denotes the measurable benefit value for memory component i. The memory tuning objective
is to maximize the total saved disk time from all memory components where only the gradient is known

but the function value is unknown.

3 Controller Design

In this section we first formulate the optimization problem as a regulation problem, and then design the
state feedback controller with LQR design that considers database transaction throughput and memory
resizing cost.

For the optimization problem defined above with total resource constraint, optimizing the objective
function is equivalent to equalizing the gradient. For the database memory management problem, this

indicates that having the benefits from all memory components equal leads to the maximum total saved



disk time. To see this, substitute the constraint condition (3) into the objective function (2) so that
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The above objective function is optimized if the gradient is equal to zero, that is,

B 0 Ban(1l — e b= w)
z — aibie—bzuz + G’N( € )
Ou; Ou;
= aibie_b"“" — aNbNe_bN“N

fori=1,2,..., N —1. This gives the optimal memory setting at y; = y; for i,j =1,2,..., N. Since z is
a convex function, the optimal solution is unique, i.e., the local optimum is also the global optimum.
Note that for either regulation or tracking problems, the reference value is known in advance to the
feedback controller. However, for the above optimization problem, the reference is defined in a relative
sense, i.e., the benefits from all memory components are equal to each other, but the absolute values are

unknown. To convert from the “relative reference” to “absolute reference,” we define the benefit error as

LN
6i=NZij—yi (6)
]:

which is a linear transformation from the benefit data and defines the difference between average benefit
and individual benefit. Hence, the control objective is to make e; = 0.

Next, we formulate the control problem using the state space model and design the state feedback
controller for maximizing the total saved disk time. Consider the following state space model for the

database memory system

y(k+1) = Ay(k)+Blu(k) +dy (k) ™)
eh) = (lnn—Dy(k)+ds(k)) ®)

where y(k), u(k), e(k) are n x 1 vectors for the system state (measured benefit), control input ( memory

size), and system output (benefit difference), and dq (k), d2(k) are n x 1 vectors representing disturbance



and noise. The n x n matrices A and B contain state space model parameters, and I = | : S,

o= : : | are n x n matrices used to compute the benefit difference. Note that we represent

1 --- 1

the nonlinear system using a linear model to facilitate controller design. However, this linearization
may affect the model accuracy and thus control performance. Also note that the system dynamics and
interrelationship between the memory components are considered in the model. This provides a more
close system representation than a static model that is typically used by most optimization methods.
The control objective is disturbance rejection with the reference input set to 0 for the benefit error.
Load balancing is achieved by driving to 0 the difference between the measured benefits from all memory
components and the mean of the measured benefits so that the total saved disk time is maximized. To
design the dynamic state feedback controller, we augment the system state by considering the integral of

error

er(k +1) = er(k) + e(k). 9)
The state feedback controller is in the form of
u(k) = Kej (k). (10)

However, note that (%ln’n —1T) is singular. This makes the control objective cannot be achieved. To see

this, derive the closed loop system

y(k+1) = Ay(k)+BKeg(k)+ Bdy(k)
1
eik +1) = er(k) + (- 1nn — Dy (k) + d2(k))
and the characteristic polynomial is
A BK
det | 21—
e |



Hence, the controller can be designed to stabilize the system with the desired poles. In the steady state,
ei(k + 1) = ej(k) so that e(k) = 0. However, the target system is not fully controllable, i.e., not any

desired state can be achieved. To see this, in the steady state we have

Yss A BK Yss Bdl (k)
= +
€l,ss %171,,71, -1 I €l,ss (%ln,n - I)d2 (k)
so that
I-A —-BK Vss Bd; (k)
_%ln,n +1 0 €] ss (%ln,n - I)dZ(k)
I-A -BK
Note that is singular. yss and er,ss may not exist for any dq (k) and dz(k).
—11,,+4I 0

To make the target system controllable we consider the constraint on the control inputs and redefine

the state space model to separate out the nt* node

y(k+1) = Ay(R)+Bu(k) + dy(k)
o)) = (1 in1~DE) +da(b) + Lo 1ign(k)
yn(k + 1) = anyn(k) + bn(f - ll,nflu(k))

where y(k) and u(k) are (n —1) x 1 vectors, and A, B, and I are (n—1) x (n—1) matrices. We design the
feedback controller for u(k), while u, (k) can be derived from u(k) using the total memory size constraint.

Similarly, define the integral of error

eI(k + ].) = eI(k) + e(k)

The controller is in the form of

The closed loop system is

y(k+1) = Ay(k)+BKer(k) + Bd (k)
ex(k+1) = ex(h)+ (- 1y 11~ D) +da(k) + Lo 1aym(H



The characteristic polynomial is

A BK
det | 21—

1
Hlnfl,nfl -1 I

In the steady state, we have e(k) = 0 and

Yss A BK Vss - N Bd (k)
el,ss B 3 IS B | erLss | (21, 1,01 — Dda(k) + 1n_1,1yn (k)
so that
I-A —BK Yss | - Bdi (k)
_%ln—l,n—l +1 0 €l,ss I (%ln—l,n—l —IDd2 (k) + 1p-1,1yn(k)
I-A —-BK
Note that will not become singular because of —%ln—1,n—1 + I. Arbitrary

_%lnfl,nfl +1 0
disturbance rejection can be achieved.

We design the state feedback controller by relating the control performance to quality of service
requirement of database systems. The performance of a database system is measured by its throughput,
the number of transactions that can be handled by the database server per unit of time. The database
memory controller is designed to maximize the total saved disk time so that each transaction can spend
less time on disk I/O. A shorter transaction time leads to larger throughput, given that the workload
is sufficiently large to generate enough transaction requests. Since maximizing total saved disk time
can be achieved through equalizing the benefits from all memory consumers, this leads to the control
performance requirements, i.e., zero steady state error, short settling time, small overshoot. On the
other hand, there is cost associated with memory resizing for a database system. CPU cycles are needed
to move data around. For decreasing memory size, certain data need to be written back to the disk
(victimization). While benefit data are quite oscillating due to the stochastic nature of the system,
oscillation in the memory size should be avoided to reduce the resizing cost. This leads to the control
performance requirement on minimizing control overheads.

We balance the trade-off between short settling times and overreacting to random fluctuations by

choosing control gains based on a cost function. Specifically, we use the LQR, or linear quadratic regulator



[22], to find the control gains that minimize the following quadratic cost function:
o0
J= le" (k)e] ()]Q +u(k) " Ru(k) (11)
k=1

The cost function includes the control errors e(k), the accumulated errors ej(k), and the control inputs
u(k). The matrices ) and R determine the trade-off between control error and the control gain. The
intuition is as follows. If ) is large compared to R, there will be larger control gains so that the controller
will react quickly to deviations. On the other hand, if R is large compared to ), the reverse happens
and so the controller responds slowly to such deviations, thereby avoiding over-reactions to random
fluctuations.

The control design problem has now shifted to choosing the weighting matrices () and R for the LQR
problem. For database memory management, we start by relating them to the throughput. The larger
the throughput deterioration, the larger the weight. For example, if throughput drops 50 transactions
due to 0.01 benefit difference, we set = 52/0.012, and if throughput drops 50 transactions due to a

memory size oscillation with a standard deviation of 100, we set R = 52/1007.

4 Simulation and Experimental Results

4.1 Testbed Setup

To assess the applicability of our approach to online optimization of database memory, we study it
in the context of IBM’s DB2 version 8.1 which provides a plethora of tuning parameters that can be
changed programmatically in an online environment. Among them are some memory related parameters
such as buffer pool size, package cache size, and sort heap size, which have drastic impact on database
performance. In this paper, we consider buffer pool tuning.

Our evaluations are done using TPC-C, an industry standard online transaction processing (OLTP)
benchmark [23]. We used 20 buffer pools to contain data and index for the database tables. Different
buffer pools are used to separate table data from index and temporary data. A temp buffer pool will

ensure that any temp activity does not negatively hurt the buffer pool’s data caching characteristics.

10
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Figure 3: Modeling performance of buffer pools for a TPC-C workload.

A separate index buffer pool is also often needed to have a high percentage of the index data remain
resident in memory, which will accelerate data search. Generally, having larger buffer pool size results
in smaller disk access time and thus higher throughput. However, the total buffer pool size cannot go to
infinity due the limited memory space.

Our experiments proceed as follows. A set of 50 TPC-C clients were running which executed transac-
tions against the database server according to the TPC-C benchmark specifications. The memory tuner
is first used to collect buffer pool data for modeling. Afterwards, the state feedback control algorithm is

used by the memory tuner for memory self-tuning.

4.2 Modeling and Simulation Studies

Figure 3 shows the modeling results of two buffer pools BPITEM for holding data in the ITEM table
and IBPITEM for holding the index of the ITEM table. The circles indicate the measured data points,
and the dashed line indicate the modeling results with exponential models (5). Note that the exponential
models provide a reasonable estimate of the buffer pool behaviors.

Next, we conduct simulation studies. The nonlinear models obtained above are used as the truth
model, and the linear models obtained from the nonlinear models are used as the design model for

designing the controller. The control results are shown in Figure 4 with or without noise. From top to

11
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Figure 4: Simulated control performance of buffer pools for a TPC-C workload.
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bottom, the buffer pool sizes, the measured benefit, and the benefit errors are shown for the 20 buffer

pools to be managed. The plot at the bottom shows the function value of the total saved disk time

computed from the model. Note that the buffer pool sizes and the objective function converge within 40

intervals (30-second interval).

4.3 Experimental Results

The experimental control results are shown in Figure 5 where buffer pool sizes and benefits are given

where the x axis is in the unit of 30-second control intervals. Figure 6 shows the database throughput

for the same experiment where the x axis is in the unit of 10-second throughput measurement intervals.

Note that the throughput converges within about 10 minutes.

5 Conclusions

Load balancing is generally a resource allocation problem that can be solved using constraint optimization

methods. However, system dynamics are usually not considered. In this paper we have proposed an

optimization algorithm that manages system dynamics using multi-input multi-output dynamic state
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feedback. In particular, we studied the optimization problem in the context of a database memory

allocation problem where the cost function value is unknown but the gradient is known. Our studies of

a DB2 Universal Database Server in an OLTP benchmarking environment indicated that our approach

can be effective in practice.
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