
  

  

Abstract—Automated management of complex information 
technology applications and systems require dynamic 
configuration of both application-level and system-level 
parameters. The existence of large number of tunable 
parameters makes it difficult to design a feedback controller 
that adjusts these parameters effectively in order to achieve 
application-level performance targets. In this paper, we 
introduce a generic approach for reduced dimension control 
(RDC) that combines online selection of critical control knobs 
through online recursive principal component analysis (ORPCA) 
and adaptive control of the identified knobs. The latter relies on 
the online estimation of the input-output model with the selected 
control knobs using the recursive least squares (RLS) method 
and a self-tuning linear quadratic (LQ) optimal controller for 
output regulation. The results of a simulation study in Matlab 
are presented to demonstrate the effectiveness of our RDC 
approach. 

I. INTRODUCTION AND RELATED WORK 
he increasing complexity of information technology (IT) 
applications has resulted in significant increase in 

operational costs in data centers. In addition, recent advances 
in virtualization in both hardware and software in computing 
systems have provided additional flexibility with respect to 
how these systems can be configured. It is important for data 
centers to properly configure both application-level and 
system-level parameters in order to meet application-level 
performance targets. Traditionally, most of these parameters 
are configured statically and their values are determined 
offline through testing or trace-based analysis. However, 
static configurations are rarely ideal because both the nature 
and the intensity of the workloads can be time-varying for 
typical IT applications. The result is either over-provisioning 
that leads to inefficient use of resources, or 
under-provisioning during periods of peak demands that 
causes performance degradation and poor user experience.  

In recent years, there has been significant interest in both 
industry and academia in using feedback control to regulate 
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performance in IT systems. Both [1] and [10] provide an 
overview of how control theory can be used to guide the 
design of these feedback loops. However, in all of the prior 
applications, the control knobs for a particular system are 
determined offline. The authors in [3] focused on the 
automatic diagnosis problem where key metrics that are most 
correlated with a service level objective (SLO) violation are 
identified among all the observable metrics using statistical 
machine learning. However, these identified metrics are often 
times just observables instead of tunables. This means they 
may not be used as control knobs to correct performance 
problems that occurred. The standard balanced truncation 
approach for model reduction of dynamical systems aims at 
reducing the dimensionality of the state space instead of the 
input space [15]. Therefore, it cannot be used here directly.  

In this paper, we present a generic approach for reduced 
dimension control (RDC) that relies on the synthesis of the 
following three key techniques: 
1. Online selection of critical control knobs by using online 

recursive principal component analysis (ORPCA) and 
calculating correlation values. This technique 
automatically reduces the dimensionality of the input 
space for the target system; 

2. Online estimation of the input-output model with the 
selected subset of control knobs, using the recursive least 
squares (RLS) method; 

3. An adaptive linear quadratic (LQ) optimal controller for 
output regulation.  

A prototype of the RDC approach has been implemented in 
Matlab. We present the results of a simulation study that 
shows that our RDC approach achieves the following design 
objectives: 1) RDC can judiciously select a subset of control 
knobs for the target system in a dynamic environment. These 
selected knobs have the most significant impact on the output 
of the system being controlled; 2) RDC can dynamically tune 
the selected control knobs effectively to maintain the system 
outputs at desired values. It is worth noting that paper [8] also 
discussed reduced dimension control for dynamical systems 
using principal component analysis (PCA). Our approach 
differs from the approach in [8] in three aspects. Firstly, our 
approach is based on ORPCA, hence our approach can be 
used online. Secondly, our approach of input selection is 
based on the original system input-output model instead of 
the noise model. Furthermore, our approach also handles 
close-loop input selection instead of offline open-loop 
dimension reduction. 

The remainder of the paper is organized as follows. Section 
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II presents the problem statement, and the reference 
architecture based on ORPCA and RLS-based LQ control. 
Section III gives the technical background for ORPCA. 
Section IV presents our approach for reduced dimension 
control and Section V details our adaptive controller design 
for the reduced dimension system. We present an evaluation 
study for our approach in Section VI. Finally we conclude the 
paper with summaries in Section VII.  

II. PROBLEM STATEMENT AND SOLUTION ARCHITECTURE 
In this section, we present the problem statement, a general 

architecture for reduced dimension control and the proposed 
architecture based on online recursive principal component 
analysis (ORPCA) and RLS-based LQ control. 

A. Problem Statement 
The target system we consider is a complex IT system that 

has m inputs and n outputs (m>n). We assume that the 
number of inputs is large, and they affect the outputs in 
different degrees. We also assume that the dynamics of the 
target system can be represented by an underlying linear, 
time-invariant, multi-input-multi-output (MIMO) model: 

              1 0( 1) ( ) ( ) ( 1)y k A y k B u k e k+ = + + + ,              (1) 
where ( ) ny k R∈  is the output vector at sample instance k, 

( ) mu k R∈  is the input vector at sample instance k, 1
n nA R ×∈  

is the system matrix, 0
n mB R ×∈  is the input matrix, and 

( 1)e k +  indicates white noise. 
The goal of dimension reduction is to select the inputs that 

affect the outputs most. Reduced dimension of the input space 
also simplifies controller design. And then we apply feedback 
control to the reduced dimension model. The control goal is 
to make sure the performance (i.e. control outputs) can be 
regulated even if there are large number of possible control 
inputs and disturbances in the system. For complex IT 
systems, disturbances can be caused by factors such as 
environment changes or workload changes. 

B. The Proposed Architecture 
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Fig. 1. System architecture using ORPCA and RLS-based LQ control 

 
Fig. 1 shows the system architecture for reduced dimension 

control based on ORPCA and RLS-based LQ control. 
Specifically, we use ORPCA to fulfill the online input 
selection functionality; and we use recursive least squares 

(RLS) [2]-based linear quadratic (LQ) Controller to fulfill the 
control functionality. RLS is used to identify the reduced 
plant model, and LQ Controller regulates the system outputs 
through tuning the selected inputs. The dimension reduction 
algorithm selecting the important inputs will be presented in 
details in Section IV. 

III. ONLINE RECURSIVE PRINCIPAL COMPONENT ANALYSIS 
(ORPCA) 

In this section, we present an Online Recursive Principal 
Component Analysis (ORPCA) algorithm. The original 
Principal Component Analysis (PCA) algorithm presented in 
[4],[5] is used to compress data if a batch of data is available, 
and it consumes more time as the data dimension increases. In 
control applications, a new data sample is obtained in each 
sampling instance, so it is preferable that we compute the 
Principal Component (PC) online. Furthermore, the 
computation of PCs is usually implemented on a digital 
computer, which has finite memory. Hence, an ORPCA 
algorithm is needed for these applications. When the new data 
comes, the old data’s effect can be safely summarized and 
hence forgotten, while the new data is incorporated into the 
computation. Our reduced dimension algorithm (RDA) 
(Section IV) is based on the ORPCA firstly proposed in [6]. 
In this ORPCA, the eigenvalues and the eigenvectors for the 
covariance matrix of the data are updated online. 

We describe the ORPCA algorithm as a function 
),,,(],[ 11 kkkkkk QxORPCAQ λ−− Λ=Λ , where ,k kQΛ  are 

outputs of the algorithm, kΛ  is the eigenvalue matrix in 
which the eigenvalues are ordered in decreasing value, and 

kQ  is the eigenvector matrix corresponding to kΛ .  

),,,( 11 kkkk Qx λ−− Λ  are the inputs of the algorithm, where kx  

is the new data sample, 1−kQ  and 1−Λk  are the previous 

eigenvector and eigenvalue matrices, and kλ  is the memory 
depth parameter selected by the designer. Table 1 shows the 
details of this algorithm.  

Before the algorithm runs, initialization is conducted in 
two steps. Step 1: obtain 0N  samples to compute the initial 
covariance matrix, from which to determine the initial 
eigenvector matrix 0Q  and the eigenvalue matrix 0Λ  [5]. 
Step 2: select the memory depth parameter. In a stationary 
situation, we set parameter 1/k kλ =  which implies that the 
weight of each sample is equal. In a non-stationary situation, 
we set kλ λ=  which implies that there is time delay in the 
covariance matrix propagation, where λ  is a small constant 
subject to 0 1λ< < . 

Table 1.Online recursive PCA algorithm  

1. Initialize eigenvector matrix 0Q  and eigenvalue 

matrix 0Λ , where 0
M MQ R ×∈ , 0

M MΛ R ×∈ , setting the 
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memory parameter kλ . 

2. At each time instant k do the following 
a. Get new data sample M

kx R∈ . 
b. Calculate predicted PCs according to last 

eigenvalue matrix 1kQ −  

k
T
kk xQ=α 1− , 

where, kα is predicted PC on the direction of eigenvector, 
M

k Rα ∈ . 
c. Find perturbations  

2 2/ ( ),
( , )

0,
i j j j i i

V

i j
P i j

i j

α α λ α λ α⎧ + − − ≠⎪= ⎨
=⎪⎩

,

2

0,
( , )

,i

i j
P i j

i jαΛ

≠⎧⎪= ⎨
=⎪⎩

, 

where ( , ) M M
VP i j R ×∈ , ( , ) M MP i j R ×

Λ ∈ . The perturbation 
analysis is used to find an approximate solution to a 
problem that cannot be solved exactly (see details in [7]).

d. Update eigenvectors and eigenvalue matrices using

1

11
k k V

k k k Λ

Q = Q (I + P )

Λ = ( λ )Λ + P
−

−−
. 

e. Normalize the norms of eigenvector estimates using

k k kQ = Q T , 

where kT  is a diagonal matrix containing the inverses of 

the norms of each column of kQ~ . 
f. Correct eigenvalue estimates by 

2
k k kΛ = Λ T − , 

where 2−
kT is a diagonal matrix containing the squared 

norms of the columns of kQ~ . 

g. Output eigenvalue matrix kΛ  in which the 
eigenvalues are ordered in decreasing value and 
eigenvector matrix kQ  according to kΛ . 

IV. REDUCED DIMENSION ALGORITHM (RDA) 
In this section, we present the reduced dimension 

algorithm (RDA). This algorithm is based on the ORPCA 
algorithm presented in Section III. The functionality of the 
RDA is to find the subset of inputs u  that affect the outputs 
y  most. To this end, we analyze the correlation values 

between the PCs and the inputs. We achieve this through two 
steps. The first step is to select the top i PCs such that they are 
significant using a predefined threshold Th1. The second step 
is to select the subset of inputs which has the highest 
cumulative absolute correlation with those selected i PCs in 
step 1. The selection in step 2 is based on a predefined 
threshold Th2. The reasons that we design RDA in these two 
steps are explained as follows: 

1) In the control system design, there may be multiple 
outputs affected by inputs. [ T T

sampley (k)= y(k) y(k )−1  

]Ty(k r)−  is used for analyzing the relation between the 
inputs and the outputs, where r  is the order of the model, and 
the data dimension is ( 1)r n+ , we should apply ORPCA to 
reduce the outputs dimension without losing the main 
information. 

2) The correlation values among selected i PCs and inputs 
show the relation among them. Simply speaking, if the 
correlation value is larger, the corresponding input affects the 
outputs more.  

Our RDA algorithm is described as a function 

1[ ] ( , , , )u kN RDA D Q N Th1,Th2=  as shown in Table 2, where 

uN  is the output which is the selected inputs rank number. 

, ,kDATA Q Th1,Th2  are inputs. D  is the collected data 
consisting of the former 1N  inputs and output samples. It is 
assumed that the model does not vary in the former 1N  
samples, so we can use these data to analyze the relation 
between the inputs and the outputs. kQ  is the eigenvector 
matrix derived from the outputs in ORPCA; Th1, Th2 are the 
thresholds discussed above. 

Table 2. Online reduced dimension algorithm 

1. Initialize Th1, Th2 , 1N . 

2. At each time instant k do the following 
a. Get eigenvalue matrix kΛ and eigenvector 

matrix kQ  by using 

 ),,,(],[ 11 kkkkkk QxORPCAQ λ−− Λ=Λ  (Section III);
b. Collect the required data D . 
Select number i , such that the total percentage of 

the i  largest absolute eigenvalues is higher than 
Th1, i.e., 

,|)(|    ,|)(|    ,1
11

∑∑
==

==>
np

j

i

j

jeigSjeigCTh
S
C  

where np  is the total number of eigenvalues and 

eig(j)  is the jth eigenvalue in eigenvalue matrix kΛ .

c. Calculate the top i PCs in the following 
equation 

s
kPC Q D= , 

where s
kQ  is a matrix consisting of the selected top 

i eigenvectors corresponding to the top i largest 
eigenvalues. 

d. Calculate the sum of absolute correlation 
values between selected PCs and inputs using 

1

i
l l

j

S (i)= cor (j)
=

∑ , 

where lcor (j)  is the correlation value between the 
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top jth PC and lu  defined as 

X PC(j)= ,

1[ 1 ]T
l l lY u (k N ) u (k ) u (k)= − − ,  

Calculate 

( ) ( ) ( ) ( )2 2 2 2

( ) ( ) ( )l E XY E X E Ycor (j)=
E X E X E Y E Y

−

− ⋅ −
,

where lu  is the lth input and PC(j)  is the jth PC in 

selected PCs, ( )E ⋅ is the expected value operator.  
e. Select inputs numbers uN , in which the total 

percentage of the f absolute correlation values is 
higher than Th2 

1

1

f
j

j=
m

j

j=

S (i)

S (i)

∑

∑
>Th2, 

where f is the total number of selected inputs.  
 
Example: Consider an input-output linear system with 6 

inputs and 3 outputs. The inputs are denoted as 

1 2 6[ ]Tu u u u= . The system is governed by Equation 
(2). 

1 0( 1) ( ) ( ) ( 1)y k A y k B u k e k+ = + + + , (2) 
where  

1

0.8 0.02 0.03
0.04 0.7 0.02 ,
0.03 0.1 0.6

A
−⎡ ⎤

⎢ ⎥= −⎢ ⎥
⎢ ⎥⎣ ⎦

 

0

5 0.01 8 0.02 0.08 10
4 0.02 10 0.01 0.01 7
3 0.04 5 0.05 0.04 3

B
⎡ ⎤
⎢ ⎥= ⎢ ⎥
⎢ ⎥⎣ ⎦

. 

As we can see from the input matrix B0, the coefficients 
corresponding to inputs 1, 3, 6 are more significant than 
those to inputs 2, 4, 5. Hence we have significant and 
non-significant inputs sets as 

[ ]1 3 6
T

su = u u u , [ ]2 4 5
T

nsu = u u u . 
If we separate the inputs according to whether or not to be 

selected, the system model should be rewritten by 
1 0( 1) ( ) ( ) ( 1)s sy k A y k B u k d k+ = + + + , (3) 

where su  are the inputs selected, 0ns1 nsd(t + )= B u (k)  
1+e(k + ) , in which nsu  are the inputs which is not selected 

and considered to be disturbance. 
Now we collect input-output dataset by simulating a 

system. To this end, we excite the system using random 
inputs. Each system input is selected as a random number 
sequence in [0,1]. We collect a set of simulation data with a 
total of 50 input-output samples. At instance k , the data 
required in RDA is: 6T Ty(k) y(k ) R⎡ ⎤− ∈⎣ ⎦1 . We apply the 

ORPCA method on the data set collected. Set parameters are 
3n = , 6m = , 1p =  0 10N = , 1 10N = , 0.6λ = , 

85%Th1 = , 85%Th2 = . 
Table 3 shows the eigenvalues and the cumulated 

percentages. We can see that the largest eigenvalue makes up 
92.68% of cumulated ones. Generally speaking, if the sum 
percent of the top eigenvalues is up to Th1=85%, the 
corresponding PCs can reflect the main characteristic of the 
original data, and we can recover the original data with 
relatively small error.  

Table 3. The Eigenvalues and the cumulative percentages 
Eigenvalue 7240.4 323.4 141.9 40.9 39.8 25.5

S 7811.9 
Cumulate 

Percentage 92.68 96.82 98.64 99.16 99.67 100 

 
 Table 4 shows the correlation values between the PCs and 

inputs, and the cumulated percentages. Form the table, we 
observe that the correlation values with the PC1 are 

3u , 6u , 1u , 4u 5u , 2u  in order. It can be seen that the 
coefficients of 3u , 6u 1u are much larger than that of others 
from matrix B1, and then we can select the most important 
inputs correctly based on the correlation values. For 

3u , 6u 1u , the sum of absolute correlation values makes up to 
88.21% of the cumulated value. Here we determine the 
selection in terms of 85%Th2 = . 

Table 4. The correlation values between PCs and inputs and their 
cumulated percentages 

 3u  6u 1u  4u  5u 2u
PC.1 0.2183 0.2035 0.1231 0.0302 0.0245 0.0181

Cumulate 
Percentages 35.35 68.29 88.21 93.10 97.06 100 

Select or 
Not? Y Y Y N N N 

 

V. ADAPTIVE CONTROLLER DESIGN FOR THE REDUCED 
DIMENSION SYSTEM 

We use RLS-based adaptive control approach to control 
the reduced dimension system. In this section, we discuss the 
details on the RLS-based model identification, and the LQ 
optimal controller design. 

A. RLS-based Model Identification 
Having selected the inputs to control, the control system is 

to be designed based on the reduced dimension model. Now 
we use RLS estimator [9] with exponential forgetting to 
identify, which we use in the remainder of the paper 

( 1) ( ) ( ) ( 1)y k X k k d kφ+ = + + , (4) 
where  r is the order of this system, and ( )kφ and ( )X k are 
defined as 

0 1 1 1

( ) [ ( ) ( 1) ( ) ( 1)] ,
( ) [ , , , , ].

T T T T T

r r

k u k u k r y k y k r
X k B B A A
φ

− −

= − + − +
=
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RLS estimator with exponential forgetting can identify the 
time varying parameter matrix ( )X k  online. The estimator 
has been applied extensively in adaptive control system 
design as it can converge fast and rejects disturbance well. 
The estimator is described by the following equations 

1
2

ˆ1 1 ,
1 1ˆ ˆ1 ,

1
11 1 1 ) ,

ε
ε
λ

λ

T

T

T
1 T

T

(k + )= y(k + ) X(k) (k)
(k + ) (k)P(k )X(k + )= X(k)+
+ (k)P(k ) (k)

P(k ) (k)P (k)= P (k )+( +( ) (k) (k)
( (k) (k))

φ

φ
φ φ

φ φ φ φ
φ φ

− −

−

−
−

−
− −

 

 (5) 
where X̂(k)  is the estimation of the X(k) , ε(k) is the 
estimation error vector, P(k) is the covariance matrix, and 
λ is the forgetting factor( 0 1< λ< ). 

B. A Linear Quadratic Optimal Control 
We apply LQ optimal controller [11], [12], [13] to the 

system, and the control law is described as 
-1

0 0 0
ˆ ˆ ˆ( ) (( ) ) [( ) ( ( 1)

ˆ ( ) ( )) ( -1)],

T T T
s ref

T T
s

u k WB WB Q Q WB W y k

X k k Q Qu kφ

= + +

− +
      (6) 

where W is positive-semi-definite weighting matrix on the 
tracking errors, a higher weight implies the according outputs 
are more important than others. Q is a positive-definite 
weighting matrix that penalizes the control variables to 
minimize the changes in control inputs, and  ( )kφ is defined 
as 

( ) [0 ( 1) ( ) ( 1)]T T T Tk u k r y k y k rφ = − + − + . 

VI. SIMULATION AND EVALUATION 
In this section, we make simulation studies to validate the 

proposed reduced dimension control scheme. Results show 
that the system performance is ensured by our controller 
with selected inputs.  

A. Simulator and Experimental Methodology 
Our simulator is built using Matlab [14]. The simulator is 

composed of four major modules. The first is the plant 
simulating a MIMO system with white noise. In the 
evaluation below, we use the system described in Equation (2) 
for simulation. The second module is the reduced dimension 
module which is based on the RDA algorithm discussed in 
section IV. Its functionality is to find a subset of inputs which 
affect the system’s output most. The third module is the 
model identification module for the reduced dimension 
system. It is based on the RLS algorithm discussed in section 
V. Its functionality is to identify the input-output model for 
the reduced dimension system. The fourth module is the 
controller module based on the LQ controller discussed in 
section B. Its functionality is to calculate the selected inputs 
values to assure the desired control performance. In this 
section, we evaluate the performance of our reduced 
dimension control algorithm. 

B. Evaluation Results 
In all these experiments, the controller’s Q and W matrices 

are selected as identity matrices. In the first 50 steps, RDA is 
conducted to select the inputs. After the 50th step, the model 
identification and the LQ controller are performed. The 
reference target changes from 10 to 30 at time step 250. The 
total simulation time is 450 steps; hence each reference target 
value is used for a period of 200 steps. 

 
Fig .2. Closed-loop responses with one selected input 

 
Fig .3. Closed-loop responses with two selected inputs 

 
Fig .2 shows the control performance when the one input 

3u is selected to control the system. It shows that the tracking 
error is very large. Fig .3 shows the control performance 
when the two inputs 3u , 6u  are selected to control the system. 
In this case, the tracking error is smaller than the first 
experiment, but still pretty large. Fig. 4 shows the control 
performance when the three inputs 3u , 6u , 1u  are selected to 
control the system. Fig. 5 shows the control performance 
when the four inputs 3u , 6u , 1u , 4u  are selected. As we can 
see from Fig. 4 and Fig. 5, if the three inputs are selected, the 
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control performance is nearly as good as when the four inputs 
are selected.  

Using the aggregate of squared errors between the 
reference commands and the actual responses on each 
simulation output over the duration of the experiment when 
the controller is working, we can compare the aggregate 
performance of the controller with different inputs selected. 
The smaller the aggregate error, the better the control 
performance. Table 5 summarizes the results. In these results, 
the aggregate errors are calculated for the interval from time 
steps t=50 to t=450. 

 
Fig. 4. Closed-loop responses with three selected inputs 

 
Fig. 5. Closed-loop responses with four selected inputs 

Table 5. The aggregate errors under different inputs selected 

Outputs Number of inputs 
1 2 3 4 5 6 

y1 18.722 1.971 1.088 1.068 0.980 0.846 
y2 16.438 2.538 0.932 0.741 0.697 0.669 
y3 16.837 4.291 0.784 0.777 0.729 0.668 

VII. CONCLUSIONS 
In this paper, we have presented a generic reduced 

dimension control approach that combines the power of 
online recursive principal component analysis and adaptive 
control. The results from a simulation study have shown that 
our RDC approach achieves the following design objectives: 
1) RDC can judiciously select a subset of control knobs for 
the target system in a dynamic environment. These selected 
knobs have the most significant impact on the outputs of the 
system being controlled; 2) RDC can dynamically tune the 
selected control knobs effectively to maintain the system 
outputs at desired values. 
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