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Abstract

Storage management is a well-known method for improving the efficiency of data intensive and networked
applications. Today’s data management systems handle many non-traditional data formats, ranging from spatial
data to images, video and other hybrid representations. This requires the use of specialized methods to query,
extract and transform data from multiple, possibly distributed sources. There is a great need to develop efficient
and scalable methodologies for storing and reusing the results of computations in such applications. In this
paper, we introduce a configurable storage management system that allows programmers to specify a collection
of storage management protocols for managing different types of data requests on top of a shared and possibly
distributed pool of resources. In addition, dynamic protocol change rules allow the system to shift from one
storage management method to another depending on the availability of system resources. Furthermore, the
storage management system can be expanded with application specific methods to look-up and re-use stored
items. We show how the storage system can be tuned to specific workload specifications with the help of a
simulation model that takes into account both the cost of storage management protocols as well as the methods to
look-up and re-use stored items.

1 Introduction

In this paper, we introduce a configurable application view storage system called “CAVES” that is designed to work
as a middleware system, connecting multiple possibly distributed servers to multiple possibly distributed clients.
The main purpose of any storage system is to reduce the overall turnaround time between an application and a data
provider. To achieve this, storage systems make use of the possible locality between different data requests and try
to optimize the overall performance by storing data that is most likely to be re-requested in the near future in a fast
storage medium. In this paper, we consider the local disk of a storage management system a fast medium compared
to networked and possibly distant servers that process complex database queries. In the remainder of this paper, we
will use the term view to refer to the output of a query in any application.

Examples of applications that involve costly queries include data warehousing and data mining applications
processing complex queries over large data sets, applications that use spatial aggregations and correlations over
complex vector data, biological databases that process highly complex sequence comparison algorithms, large data
sets obtained from scientific experiments, etc. In such applications, the time to process and transmit a single query
may be rather high even in the presence of indices and the size of the output may be very large. The cost of producing
such a data set might be much larger than the cost of writing and reading back the data set from the local disk. In
regular storage replacement algorithms, the goal of the system is to optimize the total number of hits. This assumes
that the cost of producing each item in the storage is uniform. However, this is not the case for complex queries that
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Figure 1: The architecture of the CAVES system.

are transmitted over a network which optimizes the overall savings in time. As a result, the replacement policies for
an application may vary greatly based on its workload.

The CAVES system is designed as a general purpose storage management system that can be stored either at a
middleware server or at a client machine. Its purpose is to store views from multiple applications and re-use them
whenever possible. The CAVES system is fully programmable, making it possible for applications programmers
to specify various storage management protocols that are best suited for a given application. The CAVES system
also works as a fast prototyping machine. It constantly monitors the general system behavior, collects statistics and
measures the effectiveness of the predefined storage management rules for a given instance. This is accomplished
with the help of a simulation model of the actual system that can be run periodically to perform specific system
optimizations.

The contributions of this paper are the following. We first introduce a general purpose system for managing
different query requests from multiple client applications. We show how the CAVES system can be customized to
handle different storage management system protocols by means of explicit storage management rules. We show
how view lookup, view reuse with different query rewriting methods and view management can be integrated within
a single system. In addition, we show how rules that govern the dynamic behavior of the system can be defined
and executed. We develop algorithms to maintain the different data structures used in the system. We then show
extensive experimental results that support our hypothesis that (1) the optimal storage management protocol may
vary greatly based on various factors, (2) a dynamically self tuning system may result in great savings in the overall
performance.

2 General Architecture
There are three main parts to the CAVES system:

e A CAVES instance specification corresponds to the collection of all application specific storage management
rules. These rules are specified by an application programmer using a declarative specification language that
can be embedded in an XML document. Examples of different parameters and their use are explained in
Section 3. The specifications provided by the programmer are compiled into the runtime system to produce a
customized “storage server” for this instance. The following are the main components of the specification:



— View use methods - contains the main methods for reusing stored views from different applications. These
methods are implemented in advance by a programmer and linked to the general system using commands
that are similar to the “create function” command for user defined functions. The methods that are
created by an application are one of two types. View lookup methods allow the storage management
system to compare the description of two views V7 and V5. These methods will return true if a stored
view V1 may be used to answer a new request V5 based on a stored property of the views. This attribute
can be a description string containing a complete query or a simple range on a relational attribute. The
second type of methods are view filter methods which allow the stored views to be used to answer new,
more restrictive queries. Many view re-use methods have been suggested in the information integration
literature such as query rewriting using views [11, 13, 17]. Other methods may involve a zoom-in
operation for vector data, simple selection operations on views, and aggregation of a relation on a specific
attribute. Since these methods can be very costly, they should be used only when they are likely to
improve the overall system performance. We will discuss how this decision can be handled by the
CAVES system.

— View management methods - contains the main storage management rules for a given application. The
view management methods are based on the notion of priority that describes the importance of a view
for the clients of an application. Each view type stored within a single instance of the CAVES system
has a set of properties, called view statistics. All the statistics that are to be kept for views are defined
by the application programmer. Each statistic has methods for initialization and update. Intuitively, each
view may have a set of statistics that are initialized at creation time such as the view creation time and
the time to compute that view. In addition, certain statistics are updated as stored views get referenced,
such as the number and time of hits, etc. In general, statistics update methods are invoked by view use
methods. The priority of a view is defined in terms all of its statistics and a function over them. The
formulas that define the priority ordering are also defined by programmers. In addition, these formulas
may be allowed to change over time based on various system parameters. The rules that govern this
behavior are also a part of the view management specification of an instance.

Both view use and view management methods are tightly connected to each other. The description supplied
by a programmer is first validated against a grammar. In addition, the correctness and completeness of all
formulas are also verified before an instance is generated.

The runtime system manages a preset disk space whose size is defined by an instance. For each instance, it
stores a set of views on disk and all the pertinent statistics for these views in memory. Each view has a statistics
called “priority” that is computed based on the current priority formula. The runtime system contains a search
structure called a “priority queue” that facilitates the basic operations on these views: removal of views with
smallest priority, updating priority of referenced views and insertion of new views into storage (with O(logn)
time for all operations for a queue of size n). In addition, the runtime CAVES system maintains a number
of system statistics that range from the mean time of arrival of query requests to the distribution of query
requests. The system statistics are used to tune the performance of the system to the actual workload being
experienced.

The simulation model is the final component of the system. The model contains a realistic model of the runtime
system augmented with the user defined methods for determining priority. The declarative definition of a
CAVES instance is used to generate these methods. The simulation model is fed the runtime characterizations
of the actual system using the system statistics collected. These statistics are used to run various tests that
approximate the actual requests to the system and determine the effectiveness of different rules. In addition,



the simulations are used to discover new storage management rules whenever possible. The refinements over
the existing system are fed back to the instance to improve the performance.

We will now describe each part in detail in the following sections.

3 Storage Management in CAVES

In this section, we will describe the application specific components of the CAVES system and show how they are
used within the runtime system. We will mostly concentrate on the methods that describe the priority of a view. A
CAVES instance always contains the following components: (1) a storage space (SS) defined in terms of a path and a
preset size given by SS.size, (2) a set of view statistics with methods to initialize and update, (3) a set of query types
(QT) that are to be managed by this instance distinguished by a specific port they are attached to, (4) for each query

type i, the set of view statistics that will be maintained in the system, (5) a list of order formulas OF = ( f1,..., fm )
which are formulated in terms of the view statistics and simple arithmetic operators such as +, —, *, /, and (6) a
weight vector W = (w1, ..., wy, ) that assigns a weight to all the order formulas where w; > 0.

Query types in our model are data requests with different computation costs and output sizes. For example, the
computation cost of a selection query is much smaller than that of an aggregation or a sequence matching algorithm.
In addition, the result of a simple selection may be much smaller in size than that of spatial query that produces
a complex vector of values. Suppose a specific shared disk space is allocated to store views of different types.
One approach to attacking multiple types than would be to allocate a specific percentage of the space to each type.
However, it is possible that the views of a specific type will under-utilize its portion, while another type with many
hits runs out of space. It makes sense then to adapt the usage of the disk space to the actual requests being made by
the clients. If for a specific reason, a specific query type should be given a higher priority then most other views,
then this protocol can easily be coded into statistics and order formulae as described in the next two sections.

3.1 Statistics

Each CAVES instance stores a number of views. The actual contents (body) of a view is stored on disk while the
other properties of the views currently in storage are kept in memory. These properties, called statistics are updated
periodically based on different factors as explained below. We will use the notation V. A to refer to the current value
of statistic A for stored view V. In this paper, we assume that the storage management system does not handle
updates to the stored views when the underlying data sources change. This can be accomplished with the help
of additional routines to handle incremental updates to the data. These methods depend greatly on the underlying
application and are out of the scope of this paper. We assume that for time critical views, a specific statistics called
“expiration date” will be specified and the stored views will not be used (hence removed from storage) after this time
point.

In this model, if no specific view use method is provided for a view type, the default action is to use a statistics
called “description”. Two views are expected to contain the same content if their description is identical. We assume
that queries intercepted by the storage management system carry a header that contains the description of the query.
It is also possible to specify a hash function on the descriptions to speed up the view look-up operation. In this case,
a hash structure is generated on top of the views in the system. Examples of statistics that can be specified for a
storage management system are listed in Figure 2.

The statistics such as desc, type, server, size, cc, body and timein are static values. Their initial value is set
at the time the view is admitted to a CAVES instance and this value remains unchanged as a result of view use. The
first three are obtained from the query request that initiated from the client. The remaining statistics are obtained
from the server that answers this query. The body is the actual view that is returned to the user, size and timein are
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Symbol Meaning Domain
desc Description of the data access request for a view String or Integer
size Size of the view KBytes
type Type of a view Integer
body Body of a view LOB
priority Priority of the view (as a function of its statistics) Real

user The identity or priority of the user who uses/owns the view | Integer

A Average rate of reference Real

hits Total number of hits Real

cc Total computation cost: computation time + transfer time ms

usage Percent of view used for hits 0-100
timein The time the view was admitted to storage Time
refi,...,refr | Time of the last k references Time
server The network address of the server the view is obtained from | IP

nr The average network transfer rate for server Kbytes/sec
sr The average service rate at server Kbytes/sec

Figure 2: Example statistics for the CAVES system.

set when the view is admitted to the storage. The computation cost cc is set by default to the total turnaround time
for this view. The initial values for all these statistics are then obtained by parsing the query request, measuring the
size of the output and timing the reply to the request. These statistics have no update method. If the server returning
this view also supplies the actual computation cost, this can be stored as an additional value.

The value of other statistics change as views are referenced or hit by the view use methods. Their default
value is normally a null value or zero. As an example, suppose the value of user for a view is the maximum
priority among all users that referenced this view. The total number of hits is simply incremented every time a
view is referenced. The last k references to the view are shuffled anytime it is hit, i.e. by setting new(refi) =
old(refs),...,new(refr_1) = old(refr) and new(refr) = now where now is the current time stamp and the
functions new and old refer to the new and old values of the given statistics. The usage and X statistics are imple-
mented somewhat differently. For example, we can compute X as follows:

old(\).old(hits) C
new(hits) (new(refy) — old(refy)) * new(hits)

new(\) =

where C'is a constant value. The usage statistic is useful when we use view re-use methods that filter stored views
to answer new user requests as described in Section 2. Suppose a stored view V7 is used to answer a new query with
answer V5. Then, % is called the percentage use for V. The usage statistic is then calculated by multiplying
C in the above formula with the percentage use. The final group of statistics such as nr and sr are computed using
system functions such as “ping” or by querying databases for statistics such as the average load of a server. Using
these functions, we can derive an average rate for both network and server rates. The update methods for these
statistics are executed periodically for each server. There is no restriction on what and how many statistics can be
used in the CAVES system as long as methods for initialization and update can be defined using simple formulae.

However, the usual tradeoff between accuracy and complexity plays an important role in the system performance.



3.2 Order Formulae

The second important component of a CAVES instance is a set of order formulae. Each order formula is defined
in terms of a number of statistics in that instance. Each formula returns a numerical value and therefore assigns an
ordering among the stored views based on the current values of their statistics. In the following, we will assume
the smallest number for an order formula indicates the least desirable item, i.e. the view with the smallest priority.
Given an order formula f, we will use the notation f(V') to denote the value of formula f for the statistics of view
V. If view V does not contain a specific statistic that is used to compute f, then we will assume f(V') = 0.

The well-known replacement schemes in operating systems such as FIFO, LRU (least recently used) and LFU
(least frequently used) determine the priority of views based on the values of statistics timein, refy, and X (or hits).
Another formula that considers the age of a view is given by OF = size*(now—cfimem o) (OF=oldest first) where ¢;
is a small constant. In this formula, the more costly or the smaller a view, the more valuable it is. The value of the
view decreases linearly by age. A formula HW F' (hits with frequency) with frequently used variations based on the
number of hits is given as follows:

least(hits, k) * cc

size * (refy, —ref1)’

HWEF =

This formula is similar to formula OF, however in this case the number of hits and the time interval between
the last & hits is considered instead of the age of a view. If a system uses the number of hits to determine the
storage management policy, then it is necessary to handle new views in a special way. Since the system is biased
towards already existing views, the new views will be removed immediately after they are admitted to the system. To
remedy this, an aging function such as OF is used initially for new views, then this function is phased out slowly and
replaced by HW F'. Hence, if a view is not hit during the time interval in which OF is being used, it will be removed
whenever HW F takes over. To mimic this functionality, one can use a weighted sum such as w1 * OF +wox HW F
over these two formulas to determine the final priority of a view. In time, the factor OF will approach to zero and
HW F will be the dominant factor for computing priority.

Another order formula F N F' (fast network first) given by FNF = % depends on the total number of hits for a
view and the amount of time it takes to transmit this view from its server to the storage management system. This
function depends on the availability of the network bandwidth to answer this query. The slower the connection to a
specific server is, the more valuable are the views that originate from this server. The function F'N F' may be called
the hardest to re-transmit. These are examples of some order formulas that can be defined for a storage management
system. Many other formulas may be defined for different instances.

Let OF = ( fi,..., fm ) be the list of all order formulas that are defined for a given CAVES instance. A weight
vector W = (wy,...,wy, ) is a list of real values such that wy + ... + w,, = 1. Then, the priority of a view V in
this instance is given by the formula: Priority(V) = wy x fi(V) + ... + wy, * fr(V). This approach to priority
generalizes the above notion of using multiple functions with varying importance when deciding which views to
keep and which views to remove.

3.3 View Insertion into CAVES

The final component of a basic CAVES instance is given by a priority queue PQ. The priority queue is a binary search
structure with O(log n) complexity for both deletions and insertions. The priority queue contains the information
about stored views in the increasing order of their priority. Whenever a view needs to be removed to free up space,
the item with the smallest priority is located and removed from the system in logarithmic time.

Suppose ST_I = (SS,STAT, OF, W, VIEWS, PQ ) is a CAVES instance with storage space SS, statistics STAT,
order formulae OF, weight vector W, the set of all stored views VIEWS with their associated statistics and the as-
sociated priority queue PQ. The insertion of a new view V into a CAVES instance ST 1 as shown in Figure 3 is
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Figure 3: View management in the CAVES system.

performed as follows.

NEWREQUEST(R)
Set mincost to a high number and answer to null
for each view V' € PQ do
e if V can be used to answer () and cost of reuse for V' < mincost then
— mincost = cost of reusing V'
— answer =V
if answer is not null then //a hit is found
e Read answer from disk and compute the answer to query @
e Remove the view answer from the priority queue
e Recompute statistics for answer using the update methods
e Insert answer to the priority queue at Priority(answer)
else // no possible answers are found
e send ) to its server and wait for the reply

o while answers Vg to ) are being returned by the server do

— return Vg to the user



— compute the statistics for Vg

- ifVQ.size < (ss.size — ), cvipws V-8ize ) then //space available for the new view
write Vg, to disk and insert Vi to VIEWS and the priority queue

— else //no space for the new view

* let free = ss.size — Yy cvyipws V-size

* find views V4, . .., V, that optimizes the following formula:
minimize 3, ., (Priority(V;))
with respect to (3, ., (Vi.size)) > Vg.size — free.

* if Priority (V) >3-, <<, (Priority(V;)) then
- delete views Vi, ..., V, from VIEWS and priority queue
- write Vg to disk and insert Vi, to VIEWS and the priority queue

The cost of a successful look-up is given by O(n) where n = |VIEWS] in the absence of any hash functions on
the description of views for fast look-up. In the average, half of the priority queue is scanned if we are not interested
in the lowest cost view. If we are not performing post-filtering of the views, then the actual cost of looking up a view
V' from the storage system is given by ¢; * n + (c2 + ¢3) * (log n) + V.size/dtr where dtr is the disk transfer rate
given in terms of Kbytes/sec, and the constants c1, c2, c3 are the constants for the cost of look-up (comparing two
view descriptions), deletion and insertion.

Whenever we need to remove a number of low priority views to free up sufficient space to accomodate the new
view, we use a heuristic that approximates the above optimization formula. We simply find the first p lowest priority
views whose total size is sufficient to store the new view. In this case, on the average a constant y number of views
are scanned for the deletion operation. The cost of an unsuccessful look-up that results in the insertion of a view V'
and the removal of another view is then given by V.cc+ c¢1 xn+ (yca2 +¢3) * (log n) + V.size/dtr assuming that the
CAVES server has to wait for the whole view to be transmitted completely before it can be admitted to the system.
Recall that the computation cost in our framework is the overall turnaround time for this query which includes the
computation cost as well as the data transfer cost. The overall gain of a hit is given by V.cc — A where A is the
cost of a successfull look up operation. In most cases, the look-up cost ¢ is very small ¢; << ¢3, c3. However, an
application that uses query rewriting with views may require an algorithm that is quadratic or even exponential in
the length of the query description string. In this case, ¢; might also be substantial decreasing the overall savings in
time for a hit.

34 Ghost priorities

In the above algorithm, we assumed that the priority of views changes only when the view is referenced. However,
this is not true of the function OF given as OF = size*(nowfiimein+61). If the priority of a view depends on this
function, then it changes everytime the clock ticks. In this case, the easiest solution is to resort the entire priority
queue (at a cost of cgnlog n seconds) periodically.

Another solution is to maintain an auxiliary queue called time queue which is ordered with respect to time
instants. Hence, time queue is a priority queue but stores time values instead of priorities. The insertion and deletion
costs of the time queue are identical to those of the priority queue. Any time a new view V is inserted into the
system, its priority is computed for time now. SUPPOSE Pnow; Pnow-+zs - - - s Pnow-+kz COrrespond to the values of the
priority for view V' at time points now, now + z,...,now + kz based on the current statistics of this view. If this

view is never hit, then these priority values will not change as well. The values are simply snapshots of the priority




of the view at different time points. If we insert view V' into the priority queue according to value pew, then this
value should be replaced at time point now + z.

INSERTION: (1) compute pnow for V and insert V' into the priority queue using this value, (2) create a ghost
instances of V/, set its ghost counter to k and insert it into the time queue at time point now + z. The ghost contains
a pointer to the view in the priority queue. Note that the time queue only contains a time value for V', not the actual
priority.

TIMED OUTPUT: At any time point, we check the smallest element V' in the time queue. If its time value
corresponds to the current time point, then we remove V' from the time queue and compute its current priority based
on the current statistics. If its priority value in the priority queue is different than the new value, then we delete the
view from its previous location in the priority queue and re-insert it. We decrement the ghost counter by 1, if it is not
zero, then we reinsert it at time now + z. If the counter is zero, we mark V' in the priority queue as the major copy.

HIT: If a view V is referenced and it contains a ghost instance in the time queue, then we update its priority in
the priority queue as before.

DELETION: Whenever a view needs to be removed from the priority queue to make space for a new view, we
check if it is a major copy. Major copies are removed exactly as before. However, if the view in question has ghost
instances, then we recompute its priority. If it is still smaller than the priority of the next item in the queue, then
we remove it together with all of its ghost instances. If the actual priority of this view is greater, we keep this view
and proceed to the next item in the priority queue (we do not update the priority of the view, it will take place in its
scheduled time). Such a view is considered to be below sea level for the time being. Whenever a ghost instance is
being considered, we check if its current priority falls below the current sea level (i.e. the smallest priority pointed
to by the priority queue). If this is the case, then we remove all ghost instances from the time queue and re-set sea
level to point to this view.

In this method, the whole priority queue is not re-sorted periodically. Since the value of function OF will
decrease in time, it will eventually reach the smallest priority value in the queue. Suppose on the average it takes
< kz seconds to reach this point. Then, we divide this time interval into k& time points and compute the priority
of the views for each discrete time point. The overall overhead of this approach is the cost of maintaining the time
queue. If a view typically remains in storage for a very short time, then & should be very small. On the other hand,
if k& is too small then the priority of views in the priority queue is not accurate most of the time, resulting in many
comparisons for a deletion. In the worst case, the deletion time may deteriorate to O(n) since all the views may have
actual priority that is larger than the current priority. In this case, the whole priority queue is scanned once before
any item can be removed. However, in our system, whenever a view is hit, then its priority is recomputed. If the
value of a statistic such as network rate changes, then the queue is resorted. If all other functions produce smaller
values with larger time values, then no view will be below sea level.

Assume now that the size of the priority queue remains stable at 2. To compute the total overhead of this method,
we observe the following. Whenever a view is inserted into the system, k additional copies are generated. In the
worst case, the size of the time queue is n. Let’s assume insertion and deletion both have the same cost clog n. An
additional cost of A = clog n is incurred due to the initial insertion of the ghost instance into the time queue. Since
the ghost instance is removed from the queue one by one, an additional cost of 24 is observed at each time interval
for a total of k£ times (giving a total of 2k A overhead). Since for each time instant, the view is removed from the
priority queue once and reinserted again, an additional cost of 2k A is added. With the assumption that the priority
of views decrease in time, the deletion cost remains the same, so does the cost of a hit on the storage system. As a
result, the maximum total overhead of the ghost implementation is 4k A.

Let us compare this to the cost of reordering the views. Suppose the time it takes to insert n views is given by
n/A for some arrival rate A. Assume that the queue is reordered every p seconds, then we will reorder the queue
n/(p * \) times. The overhead of each reorder function is given by An, hence the total overhead is O(n?log n).



Whereas, within this time period, the maximum overhead of the ghost implementation is O(knlogn) for some small
constant k. Hence, ghost implementation is an improvement of O(n) over the reordering scheme. Note that this
assumes the worst case performance, not the average case performance.

3.5 Dynamic Storage M anagement

All of the above components of the CAVES system are static and do not change in time. However, it is unlikely
that a single storage management protocol will optimize the performance in the presence of varying workloads
and system parameters. To this end, the CAVES system incorporates dynamic rules that define how the general
priority computation should be changed. Each rule in the system uses aggregates over the statistics of the stored
views such as min(nr), maz(size), avg(cc), stddev(nr) and constants. Each such term is called a weight change
term. A weight change atom is any expression of the form a1 op as where a1, ay are weight change terms and
op € {=,<>,<,>,<,>}. So far, we have restricted all weight change terms to parameters that can be computed
iteratively with a fixed number of variables. Hence, the overhead of maintaining these figures is negligible. A weight
change rule in the CAVES system is an expression of the form:

Al ... Am = [s,w, f]

where Ay, ..., A,, are weight change atoms, s € {+,*}, w is a real number and f is the identifier for an order
formula in the specific instance. The satisfaction of a weight change atom at any given time point is defined in the
usual way by evaluating each function at that time point and checking the correctness of the comparison operator.
A weight change rule evaluate to true at a time point ¢ if all the atoms in the body of the rule evaluates to true at
time ¢. The sign s in the head of a weight change rule indicates whether the change in the weight should be additive
(+) or multiplicative (x). The following algorithm describes how weight changes are used within a CAVES instance:

Algorithm ChangeWeight((r1, .. .,75), W)
e Input: rq,...,7,: asetof weight change rules, W = {wy, ..., w,, ): a weight vector

e fori =1tomdo

- letr; = Aq,..., Ay = [s,w, OF;]

— if Ay, ..., A evaluates to true at time now then
x if s =" +' then w; = greatest(0,w; + w)
* elsew; =w; xw

o letU = Jwi +...+ w2

e fori=1tomdow; = w;/U
o Return the modified weight vector weight

As an example, consider the order formula F' N F' which was defined as FNF = % This formula may not make
a significant effect in the overall performance of the system in most cases. It might even have a negative impact on
the performance since it tends to favor views from slow servers. If all other factors were equal, then views with the
same hit ratio will be preferred over smaller views regardless of their sizes. If this results in many larger views being
admitted, it will be a suboptimatal solution. It is possible to house many small views instead of a single large view.
However, this formula may prove useful in the extreme cases when certain servers are extremely slow and provide
views that are referenced fairly frequently and do not hinder performance. In this case, it makes sense to keep these
views in storage since the estimated cost of reconstructing these views is too high. This can be accomplished by
a weight change rule that increases the weight of this formula whenever the minimum transfer time for one of the
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servers falls below a specific treshold and decreases its weight if the minimum transfer time rises above this treshold.
This can be defined as follows:

min(nr) <c¢; — [+,0.1, FNF]
min(nr) > c; — [+,—0.1, FNF]

Note that the weight changes are scaled down in the above algorithm. However, the weight of an order formula
may never be a negative value. If no other rules effect the weight of F N F, then the above rules serve the purpose of
turning F'N F' on and off based on the values ¢; and ¢y. The weight change rules in the system are defined using the
above declarative language together with all the other view management methods. They are evaluated periodically.
If the underlying weight vector changes as a result, then the whole priority queue is resorted according to the new
priority function.

3.6 Runtimecost parameters

One of the main objectives of the CAVES system is to tune the various system parameters based on the actual
performance of the system. To this end, we collect and maintain a number of runtime cost parameters (RCP for
short). A number of RCPs are used to tune the dynamically changing variables of the CAVES system. The rest
are maintained as system statistics and are fed to a simulation model of the system for various tests. This approach
mimics the notion of cost based query optimization in relational databases. The objective in this case is to find the
best combination of adjustable parameters that optimize the performance.

The RCPs that can be maintained for the runtime system are the following: the mean arrival rate of queries, total
number of items in the queue on average, the hit ratio (in hits/sec), savings in time ratio, average space usage ratio,
and the average rate of removal and insertion to the priority queue (in views/sec). In addition, for all order formulas
that are currently active (have non-zero weight), we keep statistics to measure the general standard deviation of the
values produced. The values output by these functions are normalized using their standard deviation. This way the
system is not naturally biased towards formulas that produce numbers in larger range.

Since operations such as changing the overall weight vector and checking network and server rates (nr, sr)
require the priority queue to be resorted, these operations should be performed rather infrequently. To determine this,
we use the savings in time parameter which is measured by 3 .y, requests €€/ 2o au nits cc- This formula disregards
the overhead of using the priority queue and reading the view from disk. This is also the measure we try to optimize
in our simulations of the system. To measure this, we maintain the current sum of two functions, namely A = cc
and B = hits * cc. Anytime a view V' is hit, we update these values by A = A+ V.ccand B = B + V.cc. Anytime
a view V needs to be retrieved from the server, we intercept the answer and only update A using the same formula.
Whenever A/B < 1.1, which means the overall savings is below 10%, then we try to improve the performance by
checking if any of the weight change rules apply to the current case.

The following are RCPs that are kept as the overall system statistics and are eventually reported to the simulation
model along with the above mentioned parameters. We maintain for each query type in the system, the mean
arrival rate, the average size and the average time complexity (in terms of seconds). Furthermore, we maintain
the distribution of query descriptions that are requested as a histogram. If a hash function is provided for query
descriptions for this type, we can build the histogram on the values of the hash function for a more precise figure.
The main idea behind this is to measure the locality among the queries for a given view type. For each possible hash
value, we maintain a counter on the number of requests for the items in that value. The idea is to keep a counter of
all requests regardless of whether they were in the cache or not. In addition, we can build histograms on the size
and time complexity values to get a more accurate picture of the distribution of requests along these axes. These
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values are then use to generate workloads that approximate the actual behavior of the system. Finally, a more costly
approach would be to log all requests in the system and use it to emulate the actual workload in the simulation. We
expect, in most cases a histogram will provide sufficient detail for the tests.

3.7 Applications of the CAVES ar chitecture

The CAVES architecture and the underlying storage management protocols described in this paper can be used to
implement a variety of different types of protocols with small changes and additions to the overall system. In this
section, we will examine some of these methods.

Semantic caching methods [5] use the notion of spatial locality to determine the priority of views. Suppose
we consider range selections over a single relation. Then, two views are said to be spatially close to each other if
their ranges are overlapping in space. Whenever a specific view V' is referenced, then there is high probability that
views that are spatially close to V' will also be referenced. Hence, a hit on V' increases the priority of other views
in the storage system which can be implemented in a view look-up function. Whenever we search for V' in our
storage, we compare against every stored view. For each view, we can also output whether it is spatially close to V.
Furthermore, such methods also collapse overlapping intervals which can be added as storage optimization methods
that are executed when new views are admitted to the system.

Another possible use of the system is the prefetching of views that are likely to be referenced in the near future.
This information can be obtained in a number of ways. We can simply keep a historical log of all past requests
and mine this information periodically. We search for items that are frequently requested together within a specific
time window. Whenever any of these views is requested, the storage system actively issues requests to retrieve
the remaining views in that group. Another possible way to achieve this is to keep information on all possible
descriptions that are requested by the system, regardless of whether they are currently in storage or not. For these
view descriptions, we build a hash structure and maintain for each description a number of statistics such as total
number of hits or average rate of requests. Whenever the value of one of these statistics goes above a certain threshold
for some view V' that is not currently in storage, the system actively issues a request for this view and attempts to
admit it to the storage.

4 Thesimulation model and environment

The CAVES system is fully implemented in Java. Due to space restrictions, we do not go into the details of the
actual system. We have tested the CAVES system against a database server and a request generator and measured
the cost of various types of operations performed by the system. The simulation model used in our experiments
uses a realistic model of the actual CAVES system. It simulates a priority queue, a number of statistics and order
formulas over these. For each priority queue operation, i.e. insertion, lookup and deletion, it factors in the cost
parameters that were measured against the actual system. In our simulation, we use five query types with varying
characteristics. Each query type has a description (number of distinct possible query requests), size, lower and
upper bounds on complexity and f f filter factor. The value size * f f refers to the actual data the query has to read
from disk to answer the query. The complexity measure refers to the number of times the data has to be transferred
to and from disk. For example, a disk-bound sort operation would have to read the data twice and write once for the
temporary step. Hence, it has complexity zero. In our query types, we use equality and range selections with very
low complexity and varying filter factor, two join type operations with mid ranges for all values, and finally a high
complexity query, such as a multi-pass aggregation.

In the initialization step, the simulator generates all possible requests for these query types. The values of the
complexity and filter factor parameters are normally distributed over the given ranges. A workload consists of a
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combination of query types with different percentages. The requests are uniformly distributed across query types
with the given percentages. Within each query type, the queries are sent based on a normal distribution with a
standard deviation of 20%, corresponding to the notion of locality. Hence, certain views for a given query type are
expected to be requested more frequently than the others. The simulator takes as input mean arrival time for queries.
The query requestes are generated at random intervals that are exponentially distributed around the mean arrival
time.

Each query type is sent to a different data server with varying network characteristics. The disk speed of each
server as well as the CAVES server are set to be a constant data transfer rate throughout the simulations. The network
speed parameters contains minimum, maximum, mean values for data transfer rates as well as the standard deviation
of the network speed over time. The changes in network transfer rates are normally distributed over the given ranges.
The network speed for a server becomes constant until a change in network speed event occurs. These events occur
at time intervals that are exponentially distributed around the mean arrival time for transfer time changes. Each time
such an event occur, for each server, we roll a five way dice. Hence, each server changes speed with a probability of
1/5. Anytime, the server network rates are changed, the whole priority queue is reordered.

The policies for admitting and removing views is as we have discussed in the previous sections. In our simula-
tions, we first run the simulator once to find the standard deviation of all formulas used. Then, we run the simulator
the second time, this time normalizing the values produced by these function by their standard deviations.

Each view request is first searched for in the priority queue. If the view is found, then the total time spent
handling the request is incremented by the priority queue search time plus the disk transfer time. The priority of the
view is updated based on the fact that a hit occurred and then the view is repositioned in the priority queue based on
its new priority, and the cost of this operation is added to the overall cost. If the view is a miss, CAVES increments
the time by the priority queue search time, plus the time to compute the view in the server and the time to transfer
it over the network. We assume that the query server first computes the views completely and then sends them over
the network. This allows us to simplify the simulation model. If the disk in the CAVES system is busy due to a read
or a write operation, then then the view does not get stored and gets dropped. Otherwise if the view meets the entry
criteria the view gets put in the cache based on priority. If there is not enough room in the storage other views get
removed until it will fit. The disk is busy during this time period so any view requests that are missed does not get
serviced. Also the time it would take for every view request to be processed without the CAVES is computed.

4.1 Experimental Setup

In our experiments, we tested a number of functions, the functions OF = Lo , LFU = hits, and

sizex(now—timein—+ci)

FNF = % provided the best results. Also, since these functions do not have any factors in common, they provided
a good test case. We will refer to OF, LFU, FNF as f1, f2, f3 respectively. We ran 6800 simulation experiments
using these functions. All simulations are 10° second runs (= 27.78 hours) with five query types and five associated
servers. Each server has network rate ranging between 0.1 Kbytes/sec to 1000 Kbytes/sec, with a mean of 100
Kbytes/sec. The disk speeds used for all the servers were 2.5 Mbytes/sec and for CAVES was 5 M/sec. The changes
in the standard deviation for network speed are only applied to servers serving query types 1 and 3. The tables below
shows all different query types and the six workloads we have experimented with, and the remaining parameters.
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QType | # Desc | Size (K) | Complexity | FF | W-0 | W-1 | W-2 | W-3 | W-4 | W-5
0 1000 10-500 3-10 20 6 10 10 10 | 40
1 500 175-200 | 90-100 20 47 5 40 10 20
2 500 175-200 | 90-100 20 47 5 10 | 40 20
3

4

200 10-50 50-100 20 0 40 40 40 10
100 10-50 100 - 200 20 0 40 0 0 10

APNODNDODN PP
|
gagwmNnND N

Parameter Range

Mean arrival time for requests One query every 1,5, and 10 sec

Mean time for network rate changes 100, and 1000 sec

Standard deviation for network rate changes | 2, 5, and 10 K/sec

Storage space 1280,2560, and 5120

Weights for f1, f2, f3 w0 =(0,0,1),wl =(0,1,0),w2 =(1,0,0),w3 =(0,.2,.8),
w4 = (0, 4 6),w5 = (0,.6,.4),w6 = (0,.8,.2),w7 = (.2,0,.8),
w8 =(.4,0,.6),w9=(.6,0,4),wl0=(.8,0,.2),wll =(.2,.8,0),
wl2 = ( 4, 6,0),w13 =(.6,.4,0),wld = (.8,.2,0),
wls = (.2,.2,.6),wl6 = (.2,.4,.4),wl7 = (.2,.6,.2),
w18 = (.4,.2,.4),wl9 = (.4,.4,.2),w20 = (.6,.2,.2)

4.2 Results

In this section, we present our performance results across a wide variety of parameters. We begin our discussion
with an examination of how the different weight cases effect our three major performance metrics across all five
workloads. The first major performance metrics is speedup. Speedup is defined to be the overall execution of the
workload without CAVES divided by the execution time of a given workload with CAVES. The second metric is
hit-ratio and is defined to be the number of “hits” within the view storage system divided by the total number of
accesses or requests. The last view storage system metric is “average views in cache” (AVINC). This metric denotes
the number of views in the cache averaged over time.

From the outset of this work, it has been our hypothesis that a configurable storage management system that
supports dynamic change rules would be of considerable performance benefit over a static storage management
system. The following workload experimental data is our first proof that this would be the case.

Figure 4 plots speedup as a function of weight cases across all five workload cases. Here, we observe that the
best weight case in terms of speedup varies across different workloads. For example, if we look at workload 2, which
uses mostly query type 2 and 3, we observe the best range is weight cases 16 and above, however if we used those
cases on workloads 0, 1 or 2 we would clearly not be achieving the optimal performance. Moreover, we observe that
weight cases 10 through 15 yield good performance for workload 2, but very poor performance for workload 4, in
fact the worse performance of all.

Adding to these results are the hit-ratio results presented in Figure 5. In this figure, the hit-ratio is shown as
function of the weight cases across all workloads. What is interesting here is that for workloads 2 and 4, the hit-ratio
is actually inversely proportional to real performance (i.e., speedup). Observe that weight cases 10 through 15 yield
the highest hit-ratio, yet are not the best performance cases reported in Figure 4. Clearly, for workload 4, the best
hit-ratio yields the lowest performance. The explanation for this behavior is that because all views are not of the
same size, or complexity, hits may not be a good measure of performance, as done with typical processor caching
systems. However, hits do play an important role in the storage management system and should not be ignored.
As shown in the speedup results, it was the weight cases that utilized a weighted combination of fi, fo and f3 that
yielded the best performance (recall, that fo = hits).

AVINC results are shown in Figure 6. Like the hit-ratio, we find that the AVINC performance metric not to be a
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good predictor of performance for similar reasons.
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Figure 4: Comparison of speedup as a function of weight cases across all workload cases.

In this next set of performance graphs, we present the performance metrics as a function of weight cases across
all cache sizes tested. In Figure 7, we observe that the best weight case does not vary with cache size. These findings
are underscored by the hit-ratio and AVINC results shown in Figures 8 and 9 respectively. This means that changes
to the weights is largely independent of cache size and in fact a good weight selection for a given workload may
work well for many different cache sizes. This is a good finding since it allows the view storage system to optimize
and self-tune the weight without regard to cache size.

Like cache size, we observe a similar behavor with mean request time with regard to when weights should be
changed. In Figures 10, 11 and 12, we show the speedup, hit-ratio and AVINC results, respectively. Here, we see
that the same weight case provides the best performance across all the request time cases. These results suggest that
mean request time is not a factor that should be considered when deciding on when to change weight factors in the
view storage management system.

The final performance data series considers the effect of the performance metrics as a function of weight cases
on the change-turn-around time (CTAT) parameter. Here, we see a performance picture where CTAT does impact
when weight changes should be made. In Figure 13, we see that the best speedup for CTAT 0 is under weight cases
11 through 14, however the best weight cases for CTAT 1 are 15 and above. Moreover, we observe that for CTAT 0,
cases 15 and above yield significantly lower performance for CTAT 0. So while CTAT 1 could use CTAT 0’s weights
that opposite does not appear to be true.

If we examine, hit-ratio and AVINC, as shown in Figures 14 and 15, we find another example of where these
two parameters do not predict performance. Again, this phenomenon is attributed to large size and more complex
views having a great impact to be stored than smaller, easier to re-create views.
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Figure 5: Comparison of hit-ratio as a function of weight cases across all workload cases.

5 Related Work

There has been a great deal of research in cache management (primary storage) methods for database systems. Such
methods provide simple and hard-and-fast criteria for deciding which pages to keep in memory given their usage
and size. Examples of these methods include [8, 12, 16]. A related area of research focuses on determining which
pages will likely be referenced in the future and prefetching those pages. For example, Kraiss and Weikum [10]
provide a comprehensive framework that decides how to move objects vertically between primary, secondary and
tertiary storage systems based on a probabilistic model and usage statistics. While the CAVES system can exploit all
these results, CAVES must extend them to develop storage management policies that take into account cost factors
associated with a distributed architecture and dynamic parameters. As a result, the problem that CAVES addresses
is different from the traditional cache management problems addressed in the papers above.

To address these different requirements, the CAVES systems uses client-side caching of views. Client-side data
caching and reuse is a commonly used query optimization method [3, 4, 5, 15]. In most cases, the cached data is
modeled at the tuple level or at a single relation level. However, mediated systems, multimedia applications, and
some data mining applications may store more complex views. See, for example, [2, 17, 18, 19]. Use of view
definitions to derive alternate query plans such as query rewriting has also been an active area of research. See, for
example, [6, 11, 13, 14]. While the CAVES system exploits this previous work, the integration of these algorithms
with the associated storage management policies as required by CAVES has not been explored in the literature yet.

To our knowledge, there is no unifying theoretical framework for specifying dynamic view replacement policies
based on a general notion of precedence. Without such a framework, it is not possible to develop a principled storage
management system that handles multiple policies and that takes into account both static and dynamic factors. The
CAVES system is a significant step in this direction. The two research projects other than CAVES that come closest
to doing this are the cache investment strategies of Franklin and Kossmann [7] and the DynaMat system of Kotidis
and Roussopoulos [9].
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Figure 6: Comparison of average views in cache as a function of weight cases across all workload cases.

Franklin and Kossmann [7] demonstrate that caching of views in a distributed system can have a significant
positive impact on query processing performance. This result is achieved with a simulation study using a variety
of static and history-based caching policies. The study does not include dynamic policies that vary between client
applications and query types as is the case in the CAVES system, however. DynaMat [9] uses a "goodness” measure
to materialize views at multiple levels to optimize query processing for a data warehouse. It uses the incoming
queries to dynamically alter the views that are materialized. DynaMat is designed for the restricted domain of a data
cube in a data warehouse. It uses a fixed ”goodness” measure for admitting a view into the cache and managing the
cache. The CAVES system is not focused on a particular domain of applicability and emphasizes the use of dynamic
measures of goodness. Nevertheless, the DynaMat system demonstrates that significant performance benefits are
possible. Neither the work of Franklin and Kossmann nor DynaMat consider using simulation to dynamically tune
the view management system while it runs, as is done in the CAVES system.

6 Conclusions and Future Work

In this paper, we have discussed a general architecture for disk bound storage management. We have shown that
our method provides significant performance improvements over a variety of workloads with varying demands on
the network and computational resources of distributed servers. We have shown that our architecture integrates
view reuse methods with storage management. We have introduced the notion of dynamic change rules on storage
management protocols. These rules allow the system to optimize its performance based on the runtime system
parameters. We have shown with experimental results that the optimal storage management methods may vary
drastically based on various factors. The key findings from the study include:

e Dynamic weight change rules appear to have a significant performance benefit.
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Figure 7: Comparison of speedup as a function of weight cases across all cache size cases.

e Hit counts and/or hit-ratio are important parameters for storage system, but should be considered in conjunc-
tion with other factors to yield constantly good storage system performance.

e Cache size does not appear to impact weight change decisions and in fact appear to be uniformly good across
a wide range of cache sizes.

e Like cache size, mean request time does not appear to impact weight change decisions.

¢ Finally, change-turn-around-time (CTAT) does appear to impact weight changes and should be considered in
the dynamic decision process.

We are currently working on automated methods for generating simulation experiments from within CAVES and
developing methods to interpret the results of these experiments. These results will allow us to discover new order
formulas that might provide performance gains, optimal cutoff points for dynamic change rules and new dynamic
weight change rules. There are many other factors that may have a profound effect on performance such as the
cost and availability of a view reuse method, the percentage view use. Such methods are vital for applications that
process large data sets such as map data, data cubes, etc.. We are planning to run tests on both simulated data as well
as real-life applications to develop customized storage management protocols for different scenarios. In addition,
we are currently planning to parallelize the simulation model and expand its capabilities to include many clients as
well as support a hierarchy of servers. This parallel simulation model will allow us to investigate enterprise level
configurations, as well as rapidly explore the state space of a wide range of parameters.
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Figure 8: Comparison of hit-ratio as a function of weight cases across all cache size cases.
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Figure 11: Comparison of hit-ratio as a function of weight cases across all request time cases.
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Figure 12: Comparison of average views in cache as a function of weight cases across all request time cases.
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Figure 13: Comparison of speedup as a function of weight cases across all change-turn-around-time (CTAT) cases
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Figure 14: Comparison of hit-ratio as a function of weight cases across all CTAT cases.

23



I I "ctat0" usilng 14 ——
70 "ctatl" using 1:4 --->--- o
Q
<
[S]
IS
o
£
[
=
Q2
>
2
<
20 b
10 b
0 1 1 1
0 5 10 15 20
Weight Case

Figure 15: Comparison of average views in cache as a function of weight cases across all CTAT cases.
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