
Using Statistical Correlation For Dependency Analysis Of
Cache Replacement Policies

Technical Report UCSC-CRL-03-16

Ismail Ari

Storage Systems Research Center
Jack Baskin School of Engineering
University of California, Santa Cruz

Santa Cruz, CA 95064
http://ssrc.cse.ucsc.edu/

February 12, 2004



Abstract

New cache replacement policies are continuously being designed and the old ones are being tuned
for specific workloads. Heterogeneous policies are being used together either to complement each
other within the cache hierarchies or to manage the cache resources in a single operating system
in a cooperative fashion. If we consider cache replacement policies to be “cache experts”, then
it becomes crucial to understand whether we are really consulting independent experts or a group
of dependent experts. The information gained from a group of experts can be only as good as
information gained from one of those experts, in which case there is no need to maintain the whole
group. We use statistical correlation formulas to quantify the amount of dependency between a large
set of well-known cache replacement policies and find high dependencies.



1 Introduction

The motivation behind consulting multiple ex-
perts is that a group of experts can provide
more information than a single expert [11].
By suitable combinations of these experts bet-
ter predictions with higher accuracies may be
achieved. The disagreement between experts is
actually useful, since if the experts never dis-
agreed there would be no need to consult mul-
tiple experts [11]. The goal is to be able to find
a set of experts who differ in their decisions to
complement each other well. However, we must
first quantify these differences. In this paper we
are using a statistical correlation formula as a
tool to measure the relatedness or dependency
between a large set of cache replacement poli-
cies.

One common approach in systems design is to
choose the expert that performs the best [3] on a
given task and to fine tune this best expert for
a specific system to get highest possible accu-
racy. However, fine tuning today’s complex sys-
tems that are servicing complex workloads is a
tedious task [5] and making wrong decisions has
high performance and monetary costs. Work-
loads change over time, mix with other work-
loads or get filtered [19, 4] by peer servers mak-
ing the analysis even more tedious. Besides there
are still patterns that are undetected by even the
best expert, while these patterns can be detected
by some other experts.

2 Methodology

Statistical procedures are used to quantify the
relation among a set of random variables
X1 � X2 ��������� Xn. In the caching case the hits and
misses of replacement policies within a time pe-
riod could be used as the random variables and
the relation will be the degree to which these
variables vary together or covary.

The formula for correlation is derived from the
formula for covariance. The covariance of two
random variables X and Y is a way of measuring
the dependency between X and Y . If paired X
and Y values tend to both be above or below their

means at the same time, this will lead to a high
positive covariance. It is defined by:

cov
�
X � Y ��� E

�	�
X 
 E

�
X ��� � Y 
 E

�
Y ���
���

E
�
X �Y ��
 E

�
X � � E �

Y ��� XY 
 X �Y (1)

Note that if X = Y , then the covariance is equal
to the variance:
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and if X and Y are statistically independent, then
E
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Y � and cov
�
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variance itself must be standardized before it can
be useful for comparison purposes with different
data sets, since it is sensitive to the standard devi-
ation of X and Y. The Pearson Product-Moment
Correlation Coefficient, r, is a simple way to pro-
vide this standardization:

r � Cov
�
X � Y ��� SX � SY � SPXY ��� �

SSX � SSY �
(3)

where,

SSX � σ � X 
 X � 2 � σ2
X 
 �

σX � 2 � N �
SSY � σ � Y 
 Y � 2 � σ2

Y 
 �
σY � 2 � N � (4)

Correlations range from -1 (perfect negative
relation) through 0 (no relation) and to +1 (per-
fect positive relation). For a pair of random num-
bers to be uncorrelated the two streams need to
vary randomly around their means with respect
to each other.

3 Simulation Setup

We implemented a cache simulator in C++ [6]
and made it easy for new cache replacement
policies to be integrated and compared. Broad
range of candidate recency-based, frequency-
based, and size-based replacement policies have
been implemented and added to the pool of poli-
cies. In this paper, we compare policies using a
single cache space. Our future work includes ex-
tending this to multiple cache levels, and cache
topologies.
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3.1 Cache Replacement Policies

Here we give an overview of the implemented
policies leaving out the details to the referenced
literature.

Different cache replacement policies use dif-
ferent criteria to make local replacement deci-
sions. Random, First-In-First-Out (FIFO) and
Last-In-First-Out (LIFO) policies replace the ob-
jects suggested by their names and do not re-
quire any information about the objects to be re-
placed. Time, frequency and object size are the
most commonly used criteria for local replace-
ment decisions. Least Recently Used (LRU)
is the most popular policy and uses recency
of access as the sole criteria for replacement.
Least Frequently Used (LFU) uses popularity
or frequency of access information and replaces
the least popular objects. Most Recently Used
(MRU) and Most Frequently Used (MFU) are
inferior when used alone, since they replace re-
cently requested and popular objects. They may
be beneficial in mixtures of policies, therefore
we include them for completeness.

SIZE replaces the largest object and Greedy-
Dual-Size (GDS) [13, 10] replaces the object
with the smallest key Ki � Ci � Si � L, where Ci

is the retrieval cost, Si is the size and L is a
running age factor. L is set to the key value
of the objects that are replaced from the cache.
GDS with Frequency (GDSF) [8] adds the fre-
quency of access, Fi, into the same equation
and replaces the object with the smallest key
Ki � �

Ci � Fi ��� Si � L. LFU with Dynamic Ag-
ing (LFUDA) replaces the object with minimum
Ki � �

Ci � Fi � � L [8]. GreedyDual* [13] is a
generalization of GDS that captures both long-
term popularity and short-term temporal correla-
tions. We are currently working on implementa-
tions of LRU-K [17, 18], 2Q [14], MQ [21] and
Unified Buffer Management (UBM) [15] poli-
cies. Other taxonomies of replacement policies
are presented in prior work [7, 13].

3.2 Workloads

Startap trace [2] is a one day log of HTTP re-
quests to a major proxy cache in the Squid na-
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Figure 1: Effective number of independent ex-
perts decreases in a set of dependent experts
drastically with increased correlation.

tional caching hierarchy by National Lab of Ap-
plied Network Research (NLANR). The trace
has around 54,000 requests to 144 MBytes of
unique data and a hit rate at infinite cache size
(HR∞) of 52%. Digital Equipment Corporation
(DEC) web proxy [1] proxy served 14,000 work-
stations in DEC in 1996. We used trace of date
9/16/96 with approximately 1.2 million requests
accessing 6 GBytes of unique data and HR∞ of
57%. The Zipf slope of this trace is 0.78.

4 Analysis and Results

Equivalent or effective number of independent
experts is much smaller than the actual number
of experts if the experts are highly correlated.
Clemen and Winkler have derived the follow-
ing formula [11] to provide a feel for the impact
of dependence on the value of information from
multiple sources:

f
�
x ��� x � � 1 �

�
x 
 1 � � Ro � (5)

where x is the number of experts and Ro is the
correlation between the experts. Figure 1 plots
Equ. 5 for different values of Ro. The linear line
is for independent experts. As the correlation
among experts increases the equivalent number
of experts on the Y -axis drops drastically.

Figure 2 shows the effect of cache size on a set
of replacement policies for the Startap workload.
The infinite cache size of the tested workload
was around 144 MBytes, which is the unique
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Figure 2: Effect of cache size on the correlation
between policies. The effect of policy on corre-
lation is much higher in mid size caches and the
effect of cache size is much higher closer to the
infinite and zero cache sizes.

amount of bytes in this request stream. When
the cache size is infinite there is no need for re-
placement, thus the policies have the same hit
and miss results. The misses are the compulsory
misses and the hits are any re-references. The
correlation of all the policies at infinite cache is
one signifying a perfect agreement.

When the cache sizes are small, the amount of
data and re-references the policies can see within
their stack distance is minimal. Therefore, poli-
cies can distinguish themselves from each other
minimally. So, the correlations are also high
at this edge although not as high as the infinite
cache end.

The effect of differences of policies on cor-
relation is most significant in the middle region
which is around half of the infinite cache size
for the two Zipf distributed web proxy workloads
tested. In this zone of cache sizes policies have
enough space to prove their worth or difference
from others. Random and LRU are highly cor-
related in most of the time, this is probably due
to the expected cache residency time [19] during
which some re-references are possible if the pol-
icy is not attacking the temporal locality. This is
exactly what MRU is doing resulting in reduced
correlation with the Random policy.

Figure 3 shows the correlation results for the
twelve tested policies as a matrix of gray scale
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Figure 3: This graph shows the correlation re-
sults between policies as a correlation matrix.
The density of gray is proportional to the corre-
lation. Black denotes full correlation. The poli-
cies tested have resulted in two camps in terms of
their correlations for the Startap web proxy trace
used.

intensity for the NLANR Startap workload. The
cache size is the half of infinite cache size
(144/2=72 MBytes). The darker colors signify
higher correlations (close to 1). Note that the di-
agonal is completely black, since the correlation
of a policy with itself is one. In the initial matrix
the order of the policies were different and the
darker zones were more distributed. By putting
the policies with higher correlations together we
were actually able to find the two major camps of
policies that agreed with the policies within their
group much more than the policies in the other
group as seen by the lighter regions.

Figure 4 shows the correlations for the DEC
web proxy workload with a smaller set of poli-
cies and for half of the infinite cache size for this
workload (6 GBytes/2 = 3072 MBytes). There is
a similar pattern, although LFU was more inte-
grated into the first camp.

5 Implications Of The Results

Using the correlation information a cache de-
signer could choose the simplest policy to im-
plement in a set of correlated policies.

If caches in a hierarchy are of the same size
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Figure 4: This graph shows the similar correla-
tion results for the DEC trace, with a smaller set
of policies and at cache size of 3072 MBytes.

and if they hold exactly the same elements then
a miss in one of them will also result a miss in the
other ones. This is called inclusive caching [20]
and makes upper levels useless. This is usu-
ally the case when the same or highly depen-
dent cache replacement policies are used at all
levels. We would like to achieve as much exclu-
sive caching [20] as possible between the collab-
orating caches, so that the cluster has the effect
of a one big unified cache to the users. Using
heterogeneous caching policies (policies that are
different in nature) has been demonstrated to im-
prove exclusivity in multi–level caches by Busari
and Williamson [9], Wong et al. [20] and in our
previous work [12, 7]. To design good cache hi-
erarchies, collaborative groups, or overlay net-
works [16] we need to understand the dependen-
cies between various policies; the pairs that com-
plement each other well.

If two policies are known to disagree most of
the time, then their agreement on a workload ei-
ther points to the usage of cache sizes close to
the infinite or zero edges as in Figure 2 or to
the randomness in the workload. The informa-
tion gathered by our correlation analysis may be
used to understand the nature of various work-
loads and to reconstruct similar synthetic work-
loads of adjustable length for trace–driven sim-
ulations. These workloads can also be made to
change characteristics over time from random, to
sequential, to Zipf distributed and so on to favor
different policies. Such a workload is very useful
for benchmarking the adaptivity of new policies.

6 Related Work

To the best of our knowledge nobody has yet
quantified the amount of dependency between
cache replacement policies. Dependency of ex-
perts and value of information from dependent
experts has been analyzed in other contexts [11,
3].

The methods for aggregation of information
from multiple experts is classified into two;
mathematical and behavioral [3]. In the latter
approach experts are made to interact to come
up with an agreement. Mathematical methods
are usually easier to implement. The simplest
mathematical aggregation method is the linear
opinion pool, a weighted linear combination of
experts’ estimations. If experts are considered
equal they are initially assigned equal weights,
otherwise the experts that are believed to be
“better” in the sense of being more precise can
be assigned higher weights. In our previous
work [12, 7] we have used machine learning
techniques to update the weights of experts in the
opinion pool.

Voting, cascading, and boosting are other
techniques for combining experts’ opinions.
Voting constructs a simple linear opinion pool.
Boosting tries to construct an expert with small
error rates from experts which are just slightly
better than random. Learners are consulted (or
trained) serially[3]. The third learner is con-
sulted only when the first two learners disagree.
In cascading, the simple expert handles majority
of the patterns and those that are rejected by it are
handled by the complex classifier. A very sim-
plistic version of cascading has been tried in con-
text of caching as “virtual cache management”
by Arlitt [8].

7 Conclusions

We have used statistical correlation for quantify-
ing the amount of dependency between a large
set of cache replacement policies, or “cache ex-
perts”. Correlations have high impact on the
value of information from multiple sources. We
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have found high correlations between many poli-
cies.

We are currently using set-based heuristics to
measure the differences between policies. In this
experiment we look into the commonalities be-
tween the objects cache by each policy, where
they agree and disagree. We intend to compare
the results of the set-based heuristics with the re-
sults of the correlation formula. We would like to
complete our analysis for a broader set of work-
loads and then formulize and generalize the re-
sults as much as possible.
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