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Abstract

We consider a system in which many users run queries
to examine subsets of a large object set. The object set is
partitioned into files on tape. A single subset of objects
will be visited by multiple queries in the workload. This
locality of access creates the opportunity for caching on
disk. We introduce and evaluate a novel optimisation,
cache filtering, in which the ’hot’ objects are automati-
cally extracted from the files that are staged on disk, and
then cached separately in new files on disk. Cache fil-
tering can lead to complex situations in the disk cache.
We show that these do not prevent effective caching and
we introduce a special cache replacement algorithm to
maximise efficiency. Through simulations we evaluate
the system over a broad range of likely workloads. De-
pending on workload and system parameters, the cache
filtering optimisation yields speedup factors up to 6.

1 Introduction

Massive datasets are used in a number of scientific endeav-
ours, for example in High Energy Physics (HEP), earth and
climate studies, and astronomy. Such datasets are typically
produced by high-bandwidth scientific instruments (particle
physics detectors, satellites) or by simulations. With scien-
tists taking advantage of lower media and hardware costs,
the sizes of such datasets are continuously growing. For ex-
ample, the BaBar experiment is storing about 200 Terabytes
of physics data per year [6], and the CMS experiment plans
to store 1000 Terabytes (1 Petabyte) per year starting in 2005
[3]. Storing a large dataset on tape is some 10 times cheaper
than storing it on disk [4]. For massive datasets, the use of
tertiary storage remains the only cost-effective option in the
foreseeable future.

The work reported on here is part of a larger research project
aimed at exploring database technology options for the stor-
age and analysis of massive high energy physics datasets [9].
Our design was driven by high energy physics requirements.
The resulting optimisations can be applied in many areas

where large datasets are used. In section 6 we investigate
performance for both physics workloads and more generic
workload scenarios.

We consider large datasets which are structured as sets of in-
dividually addressable data objects. In high energy physics,
such an object typically has a size between 1 and 100 KB and
describes some aspect of a single high energy particle colli-
sion. Datasets will often grow while being used, but once an
object is written to the set, the object becomes read-only. A
typical query computes a functionf(o) for all objectso in
some subsetS of all objects in the dataset. We assume that
this object subsetS has been computed and stored (as a set
of object identifiers) in advance of query execution, for ex-
ample with a query on an ’object summary’ or ’tag’ database
which is on secondary storage. We also assume that the I/O
profile of queries is dominated by the reading of the objects
o ∈ S, and ignore any I/O connected to the processing of the
function results. We assume that the order in which the func-
tion resultsf(o) are computed is not significant to further
processing: this allows for massive parallelism in processing
and creates important degrees of freedom in I/O scheduling.

2 Baseline system

In this paper we compare two systems: thebaseline sys-
temand thecache filtering system. We created the baseline
system by synthesising elements from currently existing and
proposed systems for storing and analysing massive datasets
[2] [5] [8]. This section describes the baseline system, ex-
cept for staging and cache replacement algorithms, which
are discussed in sections 4 and 5. We also introduce some
terminology. For reasons of style, we refer to tertiary storage
as ’tape’ and to secondary storage as ’disk’ from now on.

2.1 Storage organisation

The system stores a large set of individually addressable ob-
jects. To create files on tape, this object set is partitioned
with an initial clustering algorithminto chunks, with each
chunk stored in afile on tape. These files, theoriginal chunk
files, are the only files present in a freshly initialised system.
The file is the unit of transfer between disk and tape. We de-
fine the staging of a file as a copy operation: staging of the
initial chunk file of chunkC will create asecondfile con-
taining all objects in chunkC on disk. This is illustrated in
figure 1.
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Figure 1: Storage organisation in the baseline system

In the baseline system, there are at most two files for every
chunkC, one file on disk and one file on tape, and these files
always contain the complete set of objects in chunkC. In
the cache filtering system (see section 3), there can be many
files for a chunkC on disk, and these files can also contain
subsets of the objects in chunkC. Thus, the terminological
distinction between a chunk and a file becomes important.

2.2 Query execution and subqueries

Execution of a query, which computes a functionf(o) for
all objectso in some setS, proceeds as follows. First, all
chunksC1, . . . , Cn which contain objects inS are identi-
fied. We say that these chunks arehit by the query. It is
assumed that identifying the chunks which are hit is a fast
operation: usually the object identifiers in the representation
of S contain the chunk number within them. Then, for every
chunkCi, asubqueryi is created that computesf(o) for ev-
ery o ∈ S ∩ Ci. A subquery thus always works at the level
of a single chunk. If a file containing the chunkCi, from
which the subquery needs to read objects, is not already on
disk, the subquery will block until this file is staged. Staging
is shown in figure 1, the objects which are hit are grey.

2.3 The initial clustering

We call the assignment of objects to chunks, and initial chunk
files to tapes, theinitial clusteringof the dataset. We assume
that this initial clustering remains fixed over the dataset life-
time.

The construction of good initial clusterings for various data
types and workloads is an active area of research [2] [10].
Such research is not necessarily aimed at datasets on tape,
but often applies to any storage level. Initial clustering algo-
rithms forn-dimensional spatial or spatio-temporal datasets
usually interpret the objects in the dataset as points in some
n-dimensional space. They then try to put objects which are
close together in this space in the same chunk, and chunks
with close-by objects near each other on the same tape. This
is a natural approach when queries analyse sets of objects
located in a particular region of space. For other types of
datasets and workloads, one generally tries to map objects
into a similarn-dimensional space, using object attributes to
construct object coordinates.
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Figure 2: Performance characteristics of three initial
clusterings

Figure 2 shows the characteristics of three possible initial
clusterings. The curves plot the percentage of chunks which
is hit by a query of a certain size. In the ideal case (the ideal
curve), a query onn% of the objects hits exactlyn% of the
chunks. In practice, this ideal case can only be achieved
if the number of possible queries is very low and very pre-
dictable. Creating many, very small chunks to improve ini-
tial clustering efficiency is self-defeating: with many small
chunk files, the tape system will loose too much performance
due to per-file overheads [1].

In figure 2, the curves (a) and (b) above the ideal curve
show the performance of more realistic combinations of ini-
tial clusterings and query workloads. Curve (a) was con-
structed as a ‘best realistic case’, by simulating queries on
a two-dimensional dataset. These simulated queries always
inspect sets of objects lying within a rectangle in the space,
and the the initial clustering algorithm ’tiles’ the dataset space
into 200 chunks. Curve (b) was constructed for a case where
queries and initial clustering have a greater mismatch: it is
more representative of high energy physics workloads.
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Figure 3: Object hit rate for three initial clusterings

From the chunk hit rate curves in figure 2, one can compute
curves for the average object hit rateinsidethe hit chunks:
this is the size of the query divided by the sum of the sizes
of the hit chunks. Curves for this object hit rate are plotted
in figure 3. We observe that both the realistic clusterings (a)
and (b) often yield a low object hit rate inside the files be-
ing retrieved from tape. If these files are cached completely



on disk, we are wasting a lot of disk space on storing the
unneeded ’cold’ objects which also happen to be in the hit
chunk files. Based on this observation, we developed the
cache filteringoptimisation.

3 Cache filtering system

The cache filtering system, shown in figure 4, takes the base-
line system (figure 1) and addscache filteringto it. In a
cache filtering action, we copy ’hot’ objects from a larger
file on disk to a smaller file. This is illustrated in figure 4,
the hot objects are the grey ones. When a smaller file has
been created, the original larger file on disk can be deleted.
The end result is that disk space previously occupied by the
cold (non-queried) objects is freed, while all hot (queried)
objects are still present. Thus, we can effectively cache more
hot objects on disk. As shown in figure 4, cache filtering can
be done recursively: if a new query yields a smaller set of
hot objects, a still-smaller file can be made, and the larger
file can be deleted.
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Small files with subsets
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Figure 4: Storage organisation in the cache filtering sys-
tem

Cache filtering is done at the chunk level: a small file created
in cache filtering always contains a subset of the objects in
one chunk. This strict chunk-level separation makes index-
ing and scheduling tasks much more manageable.

3.1 Implementation of cache filtering

Cache filtering is performed by subqueries, while they read
their needed objects from disk and feed them to the query
function. The actions of a subquery, after it is created, are
as follows. First, it determines whether all objects it needs
are present on disk. Note that cache filtering, combined with
cache replacement, can create a situation where only some
of the objects needed by the subquery are on disk. If not all
needed objects are on disk, the subquery will block, wait-
ing for the original chunk file, which contains all objects it
needs, to be staged.

Once a subquery has established that all objects needed by
it are on disk, it invokes an optimiser to compute a schedule
which controls subsequent actions. This schedule specifies
the set of files on disk which should be read by the subquery.
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Figure 5: Example of a cache filtering function

This set of files is chosen so that the files together contain all
objects needed by the subquery. If many choices are possi-
ble, the set for which the sum of the file sizes is smallest is
chosen. We minimise the sum of the file sizes to minimise
disk efficiency losses because of sparse reading, and, more
importantly, to yield the best possible input for the cache re-
placement algorithm (section 5), in which file access statis-
tics play an important role.

The cache filtering actions of a subquery are governed by a
cache filtering functionF . This function yields, for every
specific object read by the subquery, the (boolean) decision
whether to filter the object to a new file. The function is
computed by an optimiser just before the subquery starts its
iteration over objects. By using the cache filtering function,
the subquery can make sophisticated object-level decisions
without performing expensive calculations for each object
encountered. As its input, the function takes, for every par-
ticular object, the set of all files on disk in which this object
is currently present. Figure 5 shows an example of a cache
filtering function, in this case there are two existing files (A
and B) on disk which contain some objects hit by the sub-
query, and a third file is filtered from them. The function
valuesF ({A}) = false andF ({A, B}) = false prevent
the objects already in the small fileA from being duplicated
on disk.

With n files containing objects needed by a subquery on
disk, there are2n − 1 possible inputs for a cache filtering
function (2n minus one because the empty set can never oc-
cur as an input). The function can yieldtrue or falsefor any
of these inputs, so there are2(2n−1) possible filtering func-
tions. Finding the the best filtering function (’best’ being
defined by a reasonable costing function) is an NP-complete
problem [7].n is usually below 10, but we have seen it grow
much larger in some of our simulations. Nevertheless we
saw that our optimiser could almost always find the best fil-
tering function (for our costing function), using a branch-
and-bound search of the solution space after a problem trans-
formation, in under 4 seconds of CPU time. When the opti-
miser cannot complete the search in the alloted 4 seconds, it
aborts the search and the best function found up till then is
used to control filtering.

Our optimiser calculates the cost of a filtering function as



2 * ‘the size of the filtered file that is created’

+ ‘the smallest sum of sizes of any set of files which
could be read after filtering, if the same subquery
were executed again, to obtain all objects needed
by the subquery’.

The functioning of this cost function is best understood in
economic terms. The first term represents the cost of the fil-
tering action, theinvestmentneeded to create a new cache
configuration. The second term represents therunning costs
of the new configuration. These are the costs of being able to
service, from disk, any possible future queries on the same
object set, that is the costs of storing the minimal set of nec-
essary files on disk. The best filtering function minimises
both the investment and the running costs. The multiplica-
tion factor of 2 determines how the two should be balanced.
It reflects a property of the workload: the lower the factor,
the longer we can expect a new investment to yield savings in
running costs. In a tuning exercise we found that a value of
2 worked well for our workloads, while a factor of 4 worked
almost equally well.

As an example, if there is only one existing file with ob-
jects for a chunk on disk, there can be two possible filtering
functions: one specifying no filtering at all, the other one
specifying that all objects needed by the subquery should be
filtered. With the above costing function, the function which
filters the objects is chosen as the best one if the subquery
hits less than1/3 of the objects in the existing file.

4 Staging policy

At any point in time, many subqueries can be blocked, wait-
ing for for their particular original chunk file to be staged
from tape. Note that multiple subqueries, belonging to dif-
ferent queries, may be blocked waiting for the same file. Our
file staging mechanism makes sure that all subqueries which
are waiting for a particular file can run after the file is staged,
and before it is deleted from disk again by cache replace-
ment. This so-calledquery batchingcan lead to dramatic
tape I/O savings [11], especially for workloads with many
concurrent large queries.

The staging policy has to make a tradeoff between (1) min-
imising mount and seek operations and (2) optimising the
order in which subqueries are serviced. To investigate the
tradeoff between (1) and (2), we used simulation to deter-
mine the performance of various staging policies, under the
(unrealistic) assumption that there are no mount and seek
overheads. This assumption eliminated the effects of stag-
ing policies on (1), so that we could study the consequences
of various policies on (2) in isolation. We found, to our sur-
prise, that the choice of staging policy had very little effect
on performance in these simulations: even a purposely bad
policy (least work first) would only decrease performance
with a factor 1.2 compared to the best policy found.

Based on the above results, we implemented a simple staging
policy, both for the baseline and the cache filtering system,

which ignores the considerations of (2) and just aggressively
minimises tape mounts and seeks (1). The policy cycles over
all tapes in the system in a fixed order. When the next tape is
reached, and a tape drive becomes available for reading, the
stager inspects the currently blocked subqueries to see if any
of them need a file on that tape. If so, the tape is mounted.
Then, all files which have blocked subqueries waiting for
them are staged in the order of their position on tape. This
results in a sequential pattern of seeking and reading on the
tape. When the last file has been staged, the tape is rewound
and unmounted. Note that this policy works with any num-
ber of tape drives. The fixed cycling order ensures that sub-
queries are never blocked indefinitely.

5 Cache replacement policies

Our cache replacement policies make decisions at the file
level, as true object-level decisions would be too expensive
to compute. Also, object-level cache replacement might lead
to extreme fragmentation of data on the disk farm, degrad-
ing disk performance to that of random disk access. Such a
fragmentation risk is absent with our file-based replacement
policies: related hot objects are kept packed together in a
few files, and these files can be accessed using sequential or
sparse reading.

Through simulations, we compared and developed a number
of cache replacement policies. We found that classical LRU,
in which the Least Recently Used file is deleted when more
space is needed, works very well with our workloads for the
baseline system. For the cache filtering system, we settled
on a novel replacement policy which is introduced below.

5.1 Usage Based Cooling (UBC) cache replacement

Our workloads (section 6.1) contain queries which are larger
than, or about as large as, the size of the available disk cache.
These queries can cause ’thrashing’ effects, in which most
of the cached data is replaced from the cache by newer data
before it can be hit again by a subsequent query. To guard
against thrashing, we designed a policy which assigns dif-
ferent replacement rates to files, depending on the circum-
stances in which they are used. The basic idea is that, if a
file is staged from tape, or created by a subquery that was
blocked on tape, it should be replaced from cache soon, ex-
cept when it is also used, not much later, by a subquery that
was not blocked on tape.

Below we present the UBC algorithm, with tuning parame-
ters optimised for the cache filtering system, for which we
show performance results in section 6. In UBC cache re-
placement, any use of a file adds a ’heated token’ to the file.
A heated token has an initial temperatureti and a cooling
ratec. When it ist units of time old, its temperature will
have dropped to ti

c·t+1 . This cooling function reflects a phys-
ical cooling process, similar decreasing functions would also
work. Tokens added in different types of use get differentti
and c values. Specific values were chosen in a tuning ex-
ercise; we found that performance is not very sensitive to



values: for example where we mention a factor of 40 below,
we found that a factor of 200 would work almost as well.

The coldest file is replaced first. We define the temperature
of a file as the temperature of its hottest token plus half the
temperature of its second-hottest token. This (somewhat ar-
bitrary) temperature definition was found to work best in a
tuning exercise, just taking the temperature of the hottest to-
ken also works well. If a subquery reads a file, it adds a
‘standard’ token withti = 1 andc = 1. An additional token
twice as hot (ti = 2) and cooling twice as slowly (c = 1

2 ),
is added to a file if immediate re-execution of the subquery
would cause the file to be read again. (Some different files
will be read on re-execution if cache filtering is done.) The
effect of this is, for example, that a new file created by cache
filtering lasts about four times as long as the file(s) read to
create it. The cooling ratec of an added token is multi-
plied by 40 if the subquery was blocked on the staging of
a file. This faster cooling rate causes an object which has
been freshly staged to remain in the cache for a short while
only, unless the object is quickly accessed again by a subse-
quent query. If five queries are run subsequently on a small
set of objects, the first query stages these objects and adds
fast-cooling tokens to their files, and the second query, if run
quickly enough afterward, before the files are replaced from
cache, will add slow-cooling tokens. These keep the files in
cache for a much longer time, protecting them against re-
placement by files staged when processing subsequent large
queries.

We experimented with a ‘weighted’ UBC replacement pol-
icy, in which tokens added to larger files cool faster, and
found that a switch to such a policy had little effect on per-
formance. Interestingly, when applying UBC to the baseline
system, we found that it performed worse than LRU, in fact it
performed about as bad as random cache replacement. Con-
versely, LRU performs reasonably well in the cache filtering
system, especially for larger cache sizes, but not as well as
UBC.

6 Performance evaluation

We have made heavy use of simulation experiments in de-
veloping and evaluating our system architecture. Apart from
the expense and difficulty of doing large-scale experiments
with real hardware, we decided to use simulation because it
is the only practical way to ensure that our design is valid
over a large parameter space. This large parameter space re-
flects the large uncertainties about the details of data analysis
in the future physics experiments that we aim to support.

Due to space limitations we cannot exhaustively discuss all
results we obtained. We limit ourselves to discussing perfor-
mance over the likely ranges of four important parameters
which have particularly strong performance effects. These
parameters are the workload type, the average number of
times a query is performed on the same object set, the initial
clustering efficiency, and the size of the disk farm used for

staging and caching. All other parameters are fixed at single
likely values. Results are in section 6.3.

We use discrete event simulation on a 200-chunk ’slice’ of a
large query processing system. This number of 200 is high
enough so as not to bias our results towards small systems,
and low enough to keep the simulation time manageable.
Even so, in exploring the parameter space to investigate per-
formance and design options, we used about 600 CPU hours
running some 25000 simulations.

6.1 Simulated workloads

To drive our performance evaluation we generated multi-
user workloads with the following properties. A user will
pick an object set and then run a number of queries on this
set. The user waits for each query to finish before submit-
ting the next query. The average number of queries run by
a user on a single object set is a workload parameter, which
we vary from 2 to 32 in section 6.3.

In every workload, the sizes of the object sets picked by the
users vary over a very broad range: from 0.03% to 6% of
the complete dataset, with an average of 0.34%. This broad
range is a very fundamental property of high energy physics
workloads.

A user working on small object sets is expected to have a
short think-submit-wait cycle, with most or all of the queried
objects remaining in the disk cache. We expect such a user
to submit more queries per day than one working on large
object sets, where queries are tape bound and take hours or
days to run. Our workloads reflect this expectation as fol-
lows: queries of sizen/2 have exactly twice as much chance
of occurring as queries of sizen.

We bound the amount of query parallelism in the system
with the constraint that all users together never have more
than 10 queries submitted concurrently. On average, in the
period that one user is running queries on a chosen object
set, about 12 other users will pick new object sets and start
running queries on them.

We consider two types of workloads: generic workloads and
physics workloads.

In a generic workload, users pick object sets independently
and at random. The workloads do not include any ‘hot spots’:
all objects are equally likely to be in an object set picked
by a user. The absence of hot spots is somewhat unrealis-
tic: we expect most workload–dataset combinations to have
them. We have performed simulations which included such
hot-spots, and found that including them speeds up the base-
line system more than the cache filtering system. We chose
to report on simulations for generic workloads without hot
spots in section 6.3, because we found no compact way of
reporting on the exact parameters of our simulated hot spots.

In a physics workload, we have very specific dependencies
between the different object sets picked by users, these de-
pendencies reflect the user-level and intra-user dependen-



cies for analysis efforts in high energy physics. Only the
largest object sets in our physics workloads are picked in-
dependently. All smaller sets are picked by taking a subset
of an object set about twice as large, which was visited in a
recent query (not always by the same user). These specific
dependencies very much improve cache efficiency: not only
are queries highly correlated, so that less space is needed to
contain the object sets in many queries, but the first query on
a newly picked object set will also generally find all required
objects already in cache.

Number of chunks in slice: 200
Chunk size: 1 GB
Tape system size: 200 GB
Disk space for staging/caching: 4–40 GB
Object size: 100 KB
Speed of disk versus tape: factor 50
Tape robot: Storagetek Powderhorn
Tape drive(s): Storagetek Redwood SD3
Tape size: 10 GB
Tape speed for sequential reading: 11.1 MB/s
Tape change time: 19 sec
Seek to from front to end of tape: 42 sec

Table 1: Size and hardware parameters of the simulated
system slice

6.2 Simulated hardware

The simulated hardware parameters are shown in table 1.
The tape parameters are those of a system recently taken
into production use at CERN. With our tape reading pol-
icy, which generally causes the reading of many files from a
mounted tape, these parameters yield an average mount/seek
overhead of about 10 seconds per file on tape. For the ma-
jority of simulated workloads, the system was tape-bound,
with the disk farm only lightly loaded. We assumed an I/O
capacity of 500 MB/s for the disk farm, reflecting the MB/s
price ratio between disk and tape.

6.3 Performance results

We compared the performance of the baseline system, with
LRU cache replacement, and the cache filtering system, with
UBC cache replacement, over a range of workload param-
eters. Tables 2 and 3 show the speeds (in MB/s average
throughput of queried objects to queries) of the baseline and
cache filtering systems. Speeds are tabulated for the two
workload types, different average numbers of queries a user
runs on the same object set (Av qry/oset), and two initial
clustering qualities expressed as the average percentage of
objects hit per chunk (Av % o hit/chunk, with references to
figure 3 in brackets). The disk farm size is 20 GB, or 10% of
the size of the dataset on tape. The (Speedup) column shows
the speedup of the cache filtering system over the baseline,
the (Eq Cx) shows the factor by which the disk cache size
in the baseline would need to be increased to get the same
speedup.

Av Av % Base Cache
qry/ o hit/ line filt. Speed Eq
oset chunk MB/s MB/s up Cx
2 30 (a) 3.9 4.9 1.3 1.9
2 13 (b) 1.9 2.5 1.3 2.5
8 30 (a) 7.4 13 1.7 1.6
8 13 (b) 2.5 7.1 2.9 3.5
32 30 (a) 10 29 2.9 1.9
32 13 (b) 2.5 15 6.0 3.9

Table 2: Performance for generic workloads

Av Av % Base Cache
qry/ o hit/ line filt. Speed Eq
oset chunk MB/s MB/s up Cx
2 30 (a) 13 16 1.3 1.3
2 13 (b) 4.1 9.4 2.3 2.5
8 30 (a) 40 59 1.5 1.2
8 13 (b) 6.9 28 4.1 4.8
32 30 (a) 88 157 1.8 3.9
32 13 (b) 9.0 51 5.8 4.7

Table 3: Performance for physics workloads

The speedup factors due to our novel cache filtering optimi-
sation range from 1.3 to 6 for the parameter combinations
in the tables. Over a wider range of parameters we have
seen a consistent speedup, up to a factor 6.5, for cache sizes
from 4 GB to 20 GB. Above 20 GB, the baseline system is
sometimes faster. In experiments with initial clustering ef-
ficiencies worse than those of the initial clustering (b), we
found speedups larger than 6.

As expected, the physics workloads, with their greater lo-
cality of access between different object sets, yield a much
greater speed than the generic workloads. The graphs in fig-
ure 6 provide an alternate view of how various workload pa-
rameters affect the system speeds.

7 Related work

To our knowledge, there is no other work on tertiary storage
querying optimisations similar to cache filtering. Caching
at a granularity below the chunk level when data moves to
higher levels in the storage hierarchy occurs in many sys-
tems, see for example [5]. Our use of a true object-level
granularity, coupled to optimisers which work at the level
of files (object sets), seems to be new. Our previous work
[7] uses techniques similar to cache filtering in a secondary
storage-only reclustering system. In fact, the system devel-
oped in [7] served as a proof of concept, which gave us con-
fidence that object-level filtering and caching could feasibly
be introduced in a tertiary storage system.

Many tertiary storage data analysis systems in use in sci-
ence allow users or administrators to optimise performance
through the creation of new, smaller datasets which contain
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Figure 6: Dependence of different average speeds on on several parameters. Every speed value shown in a graph is the
average speed over all combinations of the parameter values on the x-axes of the other two graphs.

some selected objects from the complete dataset. Queries
can then be redirected to these new datasets, or are redirected
automatically. Such strategies are known as ‘view materiali-
sation’ or, in high energy physics, the creation of ‘data sum-
mary tapes’. They are similar in intent and effect to cache
filtering. However, we know of no existing tertiary stor-
age data analysis systems in which creation of such smaller
datasets, the picking of objects for them, and their eventual
deletion have been automated to a large extent.

An obvious way of extending the cache reclustering system
is to add a mechanism for migrating some of the small files
to tape, rather than just deleting them from the disk cache.
We have experimented with such an extension, but failed to
find worthwhile speedups except for very small disk farms,
with sizes of 4% or less than that of the data set size.

8 Conclusions

For the massive datasets used in a number of scientific en-
deavours, the use of tertiary storage remains the only cost-
effective option in the foreseeable future. To address the
needs of its future physics experiments, CERN is actively
pursuing research into database technology options. We have
developed a novel cache filtering optimisation, which im-
proves cache efficiency by extracting the ’hot’ objects from
staged files. We also developed a ’usage based cooling’
cache replacement algorithm which works well in combina-
tion with cache filtering. We have analysed the performance
of both a baseline system and our cache filtering system over
a large parameter space, identifying four parameters with
a particularly large influence on system performance. We
found that cache filtering produces speedup factors up to 6.
Cache filtering speeds up a system especially if the initial
clustering efficiency is low. The results obtained here will
serve as a basis for future R&D at CERN.
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