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Chapter 6

Case Studies

The RAM system is targeted at computationally intensive domains such as multime-
dia analysis and retrieval applications. These (scientific) areas inherently deal with
large volumes of data and complex mathematical operations difficult to express with
the relational interface offered by most database systems. This chapter examines the
hypothesis that the array-based interface offered by RAM system is suitable to address
the problems in its target domains.

The first part of the chapter deals with a detailed case study of the application
of the RAM system to an image retrieval application. This part is based on results
presented in earlier publications [1, 2]. The second part of this chapter illustrates
how the RAM system can be applied to a variety of problem domains. Whereas the
problem domains differ, the array data model supported by the RAM system allows
the concise expression of their native data structures and operations.

6.1 Performance Study
In this section we present a case study of using the RAM system in a real-world
application. We test the performance of the RAM system when it is used to implement
the crucial retrieval phase of a content-based video-retrieval application.

This example is chosen because it exhibits those characteristics that RAM is aimed
at. It operates on large data volumes, consists of computation-intensive mathematical
operations, and is represented elegantly as array operations.

The Gaussian-Mixture-Model-based retrieval algorithm has been discussed before
in Chapter 3. Here we detail the performance study of the RAM driven implementa-
tion of this system running the Video-TREC 2003 data set.

The main contribution of this Section is a case study to investigate the feasibil-
ity of a RAM implementation of the probabilistic retrieval system that our research
group developed for the search task of TRECVID 2002 and 2003: the retrieval of rel-
evant shots of video material given a query image. The probabilistic retrieval method
used to rank video shots is a generative model. Using generative models for infor-
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122 Chapter 6. Case Studies

mation retrieval (IR) follows the so-called “language modeling approach” to IR [3].
Applying this idea to image retrieval has been pioneered by Vasconcelos [4]. Now, be-
fore changing our focus to the database aspects of this retrieval problem, this section
presents concisely the visual part of the multimedia retrieval system studied [5, 6].

Image documents are first decomposed as bags of samples (8-by-8 pixel blocks),
described by their DCT coefficients. These bags of samples are subsequently modeled
as probability distributions, by fitting a Gaussian Mixture Model. The relevance of a
collection image given a query image is then assumed to be approximated by the
ability of its mixture model ωm to describe the samples X = (x1, . . . ,xNs

) of the
query image.

P (X|ωm) =
Ns∏
s=1

P (xs|ωm). (6.1)

The probability P (xs|ωm) for a single sample xs is obtained by summing the con-
tribution of each component of the mixture model, altered by its a priori probability
P (Cc).

P (xs|ωm) =
Nc∑
c=1

P (Cc,m)G(xs,µc,m,Σc,m). (6.2)

Here, the probability density function for each component is defined as a multivariate
Gaussian distribution in Nn dimensions.

G(x,µ,Σ) =
1√

(2π)Nn |Σ|
e−

1
2 (x−µ)T Σ−1(x−µ). (6.3)

Assuming that the Gaussian models have a diagonal covariance matrix (i.e. (Σ)ij =
δijσ

2
j ) simplifies equation 6.3 to.

G(x,µ,Σ) =
1√

(2π)Nn
∏Nn

n=1 σ
2
n

e
− 1

2

PNn
n=1

(xn−µn)2

σ2
n . (6.4)

These formulas map almost directly to the RAM syntax. We first define a function p
corresponding to Formula 6.2.

Expression 6.1.

p(s,m) =
sum([
P(c,m) *
(1.0/(sqrt(pow(2*PI,Nn))*prod([S2(n,c,m)|n<Nn]))) *
exp( -0.5 *

sum([pow(Q(n,s)-Mu(n,c,m),2)/S2(n,c,m)|n<Nn]))
| c<Nc ])
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Here Q is an array containing Ns samples from the query image and P, Mu, and,
S2 are arrays containing the prior, mean, and covariance values of a Gaussian Mix-
ture Model, each consisting of Nc components over a Nn dimensional feature space.
Function p is applied in the creation of an array that contains a probability score for
each of the Nm Gaussian Mixture Models in the collection.

Expression 6.2.

Scores = [ prod( [ p(s,m) | s<Ns ] ) | m<Nm ]

However, to prevent precision issues, due to tiny probability values, from occur-
ring in computing the complete ranking formula we switch to log-space1.

P (X|ωm) =
Ns∏
s=1

P (xs|ωm) =rank

Ns∑
j=1

log(P (xs|ωm)). (6.5)

The swich to log-space is easily applied to the RAM expression also.

Expression 6.3.

Scores = [ sum( log([ p(s,m) | s<Ns ]) ) | m<Nm ]

In probabilistic retrieval, it is common to incorporate a background model in addi-
tion to the individual document models to emphasize those characteristics specific to a
particular document while suppressing characteristics that are common (across docu-
ments): a technique known as smoothing. To achieve this smoothing, the background
model is used to estimate the probability of a sample occurring anywhere in the col-
lection independent of a specific document. This probability is then used to smooth
document-specific sample probabilities with a smoothing parameter λ, resulting in the
following equation:

P (X|ωm) =
∏Ns

s=1 λP (xs|ωm) + (1− λ)P (xs)
=rank

∑Ns

s=1 log(λP (xs|ωm) + (1− λ)P (xs)).

In case of our GMM image retrieval example, the background probability P (xs) is
estimated by marginalization over all document models.

P (xs) =
Nm∑

ωm=1

P (ωm) ∗ P (xs|ωm). (6.6)

In this marginalization, each document model is assumed to be of equal importance:
P (ωm) = 1

Nm
. Again, the mathematical formulas are easily translated into a RAM

expression:

1Here, the symbol ‘=rank’ indicates equivalent document ranking.
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Expression 6.4.

p(s) = (1 / Nm) * sum([ p(s,m) | m<Nm ])
Scores = [ sum(

[ log( l*p(s,m) + (1-l)*p(s) ) | s<Ns ]
) | m<Nm ]

These RAM expressions may seem far from trivial, but recall that they express a
non-trivial problem to start with. It should be clear from a comparison to Equations 6.4
and 6.5 that the mathematical description maps almost 1-on-1 to RAM. We postulate
that the RAM query language, thanks to its array-based data model, remedies many
of the interfacing hurdles encountered when implementing computation-oriented al-
gorithms in a database system.

6.1.1 Query-Optimization Experiments
The RAM prototype system implements a rather simple and straightforward transla-
tion scheme to transform the declarative RAM expressions into relational query plans.
This simplicity results in a (naive) query-execution plan that provides dissatisfying
results with respect to performance, at least for the case study at hand. The query
plan generated by the prototype was more than an order of magnitude slower than the
original Matlab application. Also, scalability proved an issue, because it generates
and materializes all intermediate stages in the computation process.

We have analyzed the specific bottlenecks in the initial query plan generated by
the RAM prototype system and, using the optimization techniques presented in Chap-
ter 5, developed several variants of the GMM computation query. Fortunately, the
well structured nature of array queries together with their highly predictable access
patterns have opened up a wide variety of effective optimizations. Here, we present
a series of experiments that improves the efficiency of the database implementation
of the retrieval system, such that the final results are actually faster than the original
Matlab code. The purpose of these experiments has been twofold: firstly, to prove that
the problem of our case study can be addressed efficiently using a database applica-
tion, and, secondly, to identify those patterns in the optimized variants that can most
effectively be utilized by the RAM system.

Figure 6.1 shows the performance of each version of the query plan relative to a
baseline. This baseline is given by the performance of our reference implementation:
the Matlab script used in our actual TRECVID participations, hand-written (using the
well-known Netlab toolkit [7]) and optimized for performance.

The presentation of the experiments is ordered by the abstraction level of the opti-
mization strategies employed, ranging from a high-level algorithmic point of view to
the exploitation of some low-level DBMS-specific features. The RAM-based solutions
are translated into MonetDB’s query language (called MIL [8]). Each improvement is
added incrementally, thus enhancing the overall performance of the query plan with



6.1. Performance Study 125

 0.1

 1

 10

 1  2  3  4  5  6  7  8

Re
la

tiv
e 

ex
ec

ut
io

n 
tim

e 
(lo

g 
sc

al
e)

1. Matlab
2. Naive

3. Precompute
4. Optimised
5. Unfolding

6. Reuse
7. Fragmentation
8. Compiled UDF

Figure 6.1: Query evaluation time relative to Matlab. (Optimizations are applied in-
crementally)

each step: The final query plan incorporates all earlier improvements as well. The rela-
tive timings in Figure 6.1 refer to the ranking of a collection of 2500 images (Gaussian
Mixture Models), using a query image composed of 1320 samples; the limitation to
a collection of 2500 images allows a comparison of all query plans. Due to memory
constraints, query variants 2, 3, and 4 fail for larger data volumes.

The RAM system translates the comprehension-type queries into an intermediate
array algebra. This algebra serves primarily as an intermediate stage, to simplify the
translation of RAM expressions to query plans for the relational back-end. However,
it also provides an excellent opportunity to optimize array queries. Chapter 5 presents
a transformation-rule based optimizer for the RAM array algebra.

Pre-computation

At the highest level, we observe that the probability estimation function contains a
part that is independent of the sample for which the probability is being estimated.
The middle part of the query only depends on parameters of the mixture model used:

1.0/(sqrt(pow(2*PI,Nn)) * prod([S2(n,c,m) | n<Nn]))

This dependency means that this value only needs to be computed once for each
of the models and can be reused in the probability estimation of all samples.
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Figure 6.2: Query evaluation time for different collection sizes.
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By isolating this portion of the query and explicitly materializing its results for
subsequent use in the remainder of the computation, re-computation of the same value
is avoided. As Figure 6.1 shows, this minor change in the query plan results in a 35%
reduction in query-execution time.

In a RAM query, specific variables are used to refer to specific axes of arrays
that represent dimensions of the problem space involved in the computation. The
occurrence of such reference variables in a sub-query identifies a dependency of that
sub-query on the dimension referenced; conversely, absence of such variables in that
sub-query imply independence from those axes. The RAM optimizer can exploit these
optimization opportunities with transformation Rule 5.6. However, for the purpose
of this experiment, measuring the effect of this optimization in isolation, we have
manually altered the query plan.

Algebraic optimization

The transformation ruleset of the RAM optimizer, presented in Section 5.1.1, contains
more than just the rule discussed so far. Figure 6.1 shows that application of these
additional rules to the query plan results in 21% more reduction in query execution
time.

Aggregate unfolding

A problem that remains, however, is that the query plan does not scale well: Aside
from its execution speed, many (often large) intermediate results are materialized,
causing the system to fail on a shortage of storage space. As can be read from Fig-
ure 6.2, the query plans obtained so far have failed at collection sizes of (over) 3000
images. Figure 6.2 shows wall-clock timings from experiments run on a machine with
a 1400 MHz AMD Opteron CPU and 16GB of internal memory. The collection used
for these experiments consisted of Gaussian Mixture Models composed of 8 compo-
nents over a 14-dimensional feature space. Finally, the query was a collection of 1320
samples (14-dimensional feature vectors) taken from an example image.

The obvious pragmatic solution to solve the scalability issues is to simply divide
the data set into smaller chunks and compute results one chunk at a time. Bluntly
chopping up the input data into uniform chunks may result in satisfying performance
in some cases, but could also result in iterative query plans that need to reference the
same chunks repeatedly. However, the GMM-based scoring function is representative
of many algorithms involving multi-dimensional spaces: The target result is an ag-
gregation over a computation involving the Cartesian product of all input dimensions.
This pattern allows deriving a suitable fragmentation strategy that matches the access
pattern.

In Section 5.2.1 we presented a possible solution to this problem: unfolding of ar-
ray queries. Most aggregation functions are basically repeated application of a binary
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operator to subsequent elements, e.g.: the sum aggregation operator can be written as
a series of additions.

By default the RAM system translates an aggregation query to a query plan that
explicitly represents the intermediate first and then applies the aggregation function
to this (materialized) intermediate result. As an example, consider part of the GMM
computation (see Section 6.1):

Scores = [ sum( [ log( p(s,m) ) | s<Ns ] ) | m<Nm ]

Here, this naive approach would first create an intermediate array with shape [Ns, Nm],
compute the log( p(s,m) ) expression on each cell, and finally collapse all the
columns into one by computing the sum aggregate. The alternative computes columns
of shape [Ns, Nm] and computes the aggregate by accumulating these columns one at a
time, significantly reducing intermediate storage requirements.

By applying the unfolding optimization to our original query plan, unfolding the
outer-most summation in the computation, overall performance is significantly im-
proved: a 47% speed-up, as shown in Figure 6.1. It is important to realize, however,
that this increased performance is actually achieved as a side effect of the main goal of
this strategy: improved scalability. The improvement is due to reduced memory con-
sumption, which avoids the swapping of data between main memory and disk. Indeed
scalability is improved as well: While earlier versions of the query have failed for
shortage of memory on data sets of approximately 3000 images, the unfolded query
plan scaled up to the entire TREC-2003 data set of 30000+ images.

Reuse of materialized intermediates

The naive translation of RAM expressions into the DBMS query language has adopted
a simple (and rather conservative) policy regarding intermediate results: Release an
intermediate result’s allocated memory as soon as its operator completes. Although
this policy provides an effective basic rule for limiting memory usage, a closer look at
the code generated by RAM reveals many opportunities for safely reusing such mate-
rialized intermediate results. Intermediate reuse oportunities are especially avaiable in
algorithms such as the GMM computation, where some basic computation is repeated
many times (in this case, Expression 6.2).

In addition to those intermediate arrays introduced by the algorithm directly, many
index arrays are created: RAM array operators are position based rather than value
based – they use arrays of cell indexes as input. These indexes are generated on the
fly every time they are needed. Especially in case of unfolded aggregates, repetitive
query patterns may cause the same indexes to be produced many times: Caching and
reusing those arrays can drastically improve query efficiency, in this case execution
time was reduced by 38%.

It is important to realize that this optimization is different from the application
of transformation Rule 5.6, as was done earlier in Subsection 6.1.1. Whereas the
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RAM optimizer operates on an array-algebra expression, this optimization is per-
formed through post-processing of the generated relational query plan (MIL program)
directly.

Array fragmentation

As observed in Section 5.2.1, the unfolding strategy, discussed earlier, suggests a sim-
ilar improvement in the evaluation of mapping operators. However, as mentioned
Section 5.2.1, the optimizer in the RAM prototype system is limited to a single query
at a time and it does not include reorganization of persistent data. Therefore, we have
manually applied this optimization, fragmenting both the query plan and the persistent
data, for the purpose of this experiment.

Figure 6.1 and Figure 6.2 show a performance improvement of 58% achieved by
the array fragmentation strategy. Notice that the sequence of query processing strate-
gies applied so far has removed almost all overhead with respect to the baseline that
was introduced in the naive translation of the original RAM expression to its corre-
sponding relational query plan.

UDF compilation

Modern database systems allow the user to extend the database query language by
introducing user-defined functions expressed in some external programming language.
Lack of expressiveness is a first possible reason to use such a technique: consider,
as an example, an SQL query involving some multi-column complex computation
in a multimedia or financial domain. Nevertheless, the user may resort to external
languages even in those cases when functionality provided is in principle sufficient,
simply for the sake of improved runtime performance.

Unfortunately, encouraging users to construct complex queries as external libraries
to solve specific problems partially defeats the purpose of a DBMS. It forces them to
manually define data processing techniques at implementation level in an imperative
language, creating “black-boxes” opaque to the system. Shifting part of the query to
a general-purpose language decreases the chances of formulation of a consistent and
complete optimization strategy by the DBMS engine: Characteristics of the operation
implemented are unknown to the optimizer, and it is impossible to change the physical
representation of the data it consumes. For these reasons, one should use UDFs only
sporadically: for few, reusable, and performance-critical functions, and only after all
higher level optimization strategies have been exhausted.

In our case, when profiling the execution of the GMM query optimized so far, we
found that more than 75% of the whole execution time was spent on the computation
of a small part of Formula 6.4: the Mahalanobis distance function, given by (xn−µn)2

σ2
n

(for a single dimension n). This computation of the Mahalanobis distance is a perfect
candidate to be compiled into a UDF: It is performance-critical, it is a small part of
the query, its implementation is trivial, and it can be reused by several applications.
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Figure 6.1 shows that implementing the Mahalanobis distance as a user-defined
function squeezed out another 38% reduction of query-execution time. In fact, this fi-
nal version of the query evaluates faster than the manually optimized baseline Matlab
implementation of the algorithm. However, we should be careful drawing conclusions
from this observation: Resorting to compiled UDFs is an extreme optimization mea-
sure and it remains to be seen whether it is feasible (and desirable) to automatically
discover suitable candidates for UDF compilation. Yet, as suggested in Section 5.2.4,
the C++ mapping for RAM introduced in Section 4.4.2 shows that it is possible to
automatically generate the implementation of these UDFs.

6.1.2 Distributing array queries
Thus far we have discussed the problem of controlling the amount of memory re-
quired for the evaluation of a RAM query. Controllong memory usage boils down
to determining those steps in the query plan that consume most memory and rewrit-
ing those operations into equivalent variants that limit the amount of space required.
Aggregation operations proved to be a suitable target for this type of optimization.

Distribution of RAM queries over multiple machines involves a similar problem:
discovering a suitable location in the query plan to split it into disjoint sub queries that
can be executed in parallel. Section 5.2.2 discusses an extension of the RAM optimizer
that allows for the generation of distributed query plans for RAM expression.

Query-driven distribution

We consider query-driven distribution only, and opt for a fully replicated data distri-
bution. In the case that the data itself is fragmented and stored in a distributed manner,
factors other than computation cost come into play. When only part of the data is avail-
able at a given node, the most-efficient query plan with respect to parallelism may no
longer be viable. These factors have been well studied in the context of distributed
relational databases [9].

The strategies presented in Section 5.2.2 give us two distinct options for query
fragmentation. The first is splitting the result space of a (sub-)query in disjoint seg-
ments, concatenating the results. The second is similar to the unfolding optimization
discussed in Section 5.2.1 and entails splitting commutative and associative aggrega-
tion operations into disjoint series, accumulating the result afterwards. In both cases,
the disjoint sub-queries so created can be evaluated individually, in parallel.

Application to the case study

Traditional distributed retrieval systems are in essence based on a (manual) fragmen-
tation of the data set over various nodes. In this scheme each node, in parallel, scores
only a part of the collection, after which the results of the various nodes are merged
and ranked. Using different nodes to score disjoint subsets of the collection does not
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work in our example case. This distribution strategy does not work, because of the
computation of the background probabilities for the individual samples: marginal-
ization over all models in the collection, see Formula 6.6. When performed naively,
this query-fragmentation strategy results in a situation where each node still needs
to compute sample probabilities for the entire collection to estimate the background
probability. Figure 6.3(a) depicts the original query and Figure 6.3(b) visualizes the
distributed query plan created by splitting the collection in two parts.

One solution around this problem is to push fragmentation deeper into the query
expression. For example, the matrix of individual sample probabilities per model
can be computed in fragments, assembled, and used to compute the final scores as
visualized in Figure 6.3(c). This approach has two downsides however: This matrix
has Ns × Nm elements, which may result in considerable communication overhead,
and a significant part of the computation is no longer performed in parallel as the

(a) Original query. (b) Query on disjoint sub-collections.

(c) Distribution pushed down in the query tree. (d) Partial queries on the whole collection.

Figure 6.3: Query visualizations.
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collected data requires further non-trivial processing.
Another solution is fragmentation of the query along another dimension of its

problem space. Consider that each node in a distributed setting would compute the
probabilities for a subset of the samples in the query document and that these partial
scores are then merged. In other words, partial queries are applied to the whole data
set. This approach, visualized in Figure 6.3(d), results in a much more manageable
communication overhead than the previous solution, only Ns elements per node.

The point is that the RAM system has derived the most suitable strategy automat-
ically given a declarative query specification. There is no need for users to study the
formulas by hand to decide on a suitable query fragmentation strategy.

Experiments

Finding an optimal query distribution strategy is a query optimization problem: It
involves the manipulation of a query to achieve maximum performance. The best
distributed query plan is that plan that gives the best response time. This requires
a balance between maximization of parallel evaluation and minimizing the induced
inter-node communication overhead.

We assume a master-slave relation where one node issues commands to other
nodes, collects the data, and produces the final result. This distinction is concep-
tual. In practice the master node also acts as one of the slaves by doing a share of
work. In addition, we make three simplifying assumptions: First, each node has full
access to the complete data set; second, all nodes are identical; finally, data volume
is the dominant factor in inter-node communication. These assumptions allow us a
focus on problems inherent to query distribution, while experimenting with a simple
uniform distribution without data-placement issues.

These experiments use the distribute pseudo-operator, introduced in Section 5.2.2,
to distribute sub-queries over multiple machines and collect the results. For example,
the pattern formed by the concatenation of partial results from the split original query
can be expressed in the RAM array algebra as E ⇒ concat(EA, EB). Inclusion of
the distribute pseudo-operator indicates that the individual query fragments should be
distributed: concat(distribute(EA, EB)). For readability, we express the resulting
query in RAM array comprehensions, denoting the distribution of sub-queries over a
number of nodes by the parallel block ‘{| |}’ (see, for example, Expression 6.6).

Three possible strategies for the query derived from Equation 6.6 are intuitively
presented earlier in this section and visualized in Figure 6.3. We focus our experi-
ments on these three variants, which we consider as the most representative and to
which we refer as Query B, Query C and Query D. Also, the original query as it is in
Expression 6.4 is executed in a non-distributed fashion and is referred to as Query A.

In the following, the common sub-expression p(s,m) computes the probability
P (xs|ωm) of observing a sample xs given a model ωm and its RAM definition is as
in Expression 6.1. Also, a binary distribution schema is adopted in these expressions:
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a master node requests two slave nodes to produce partial results, ultimately merging
them in the final result.

Expression 6.5. Query A

Sc = [ sum(
[ log(l*p(s,m) + (1-l)*sum([p(s,m) | m<Nm])/Nm) | s<Ns ]

) | m<Nm]

Expression 6.4 is rewritten in Query A as a single line. Note the two terms,
l*p(s,m) and (1-l)*sum(...), in the logarithm. The first term is the fore-
ground probability. The second term is the background probability: An aggregate
function over all the models has to be computed for each of them.

Expression 6.6. Query B2

{|
Sc1 = [ sum(

[ log(l*p(s,m) + (1-l)*sum([p(s,m) | m<Nm])/Nm) | s<Ns ]
) | m<Nm/2 ]

Sc2 = [ sum(
[ log(l*p(s,m) + (1-l)*sum([p(s,m) | m<Nm])/Nm) | s<Ns ]

) | Nm/2<=m<Nm ]
|}
Sc = Sc1 ++ Sc2

The approach of Query B consists in dividing the initial collection of models and
running the same query as Query A on two nodes. The partial results Sc1 and Sc2
are then concatenated by the master node using the RAM concatenation operator ‘++’.
While this approach succeeds in efficiently distributing the computation of the fore-
ground probability, it is apparent that the same benefit cannot be achieved for the
background probability, which still requires the computation of p(s,m) for each m
< Nm.

Expression 6.7. Query C

{|
Psm1 = [ p(s,m) | s<Ns, m<Nm/2 ]
Psm2 = [ p(s,m) | s<Ns, Nm/2<=m<Nm ]

|}
Psm = Psm1 ++ Psm2
Sc = [ sum(

[ log(l*Psm(s,m) + (1-l)*sum([Psm(s,m) | m<Nm])/Nm) | s<Ns ]
) | m<Nm ]

The distribution is applied here at a lower level in the query tree. The computation
of the whole matrix of values p(s,m) is distributed over the two nodes, again on two

2 The syntax ‘Nm/2 <= m < Nm’ has been introduced here as a syntactic sugar. In RAM array axes
always range from 0 to a maximum value Nm/2, therefore the computation of Sc2 would in reality look
like [ ... p(s,m+Nm/2) ... | m < Nm/2 ] .
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Figure 6.4: Speed-up of Queries B, C, D when using an increasing number of nodes

equal parts of the original collection. Finally, the aggregate function sum([p(s,m)
| m<Nm])/Nm) is computed by the master node over the concatenation of the two
partial results.

Expression 6.8. Query D

{|
Sc1 = [ sum(

[ log(l*p(s,m) + (1-l)*sum([p(s,m)|m<Nm])/Nm)) | s<Ns/2 ]
) | m<Nm ]

Sc2 = [ sum(
[ log(l*p(s,m) + (1-l)*sum([p(s,m)|m<Nm])/Nm)) | Ns/2<=s<Ns ]

) | m<Nm ]
|}
Sc = [ Sc1(m) + Sc2(m) | m<Nm ]

The last distributed query plan splits the computation up along a different dimen-
sion: the number of samples Ns. Instead of computing the complete (Query B) or
partial (Query C) results on subsets of the collection, this approach computes partial
results on the whole collection, ultimately combining them together.

We have conducted our experiments on a cluster composed of 8 slaves nodes and
one master node configured as follows: 64bit Opteron 1.4GHz, 2GB of main memory,
Gigabit network interface, Linux Debian 3.0, and, MonetDB 4.4.0. The constant c
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Table 6.1: Execution statistics for query distribution over 8 nodes.
Query master slave network network

% time % time % time data volume
A 100 - - -
B 0.004 99.993 0.003 c ∗Nm
C 11.6 88.1 0.3 c ∗Nm ∗Ns
D 0.005 99.993 0.002 c ∗Nm ∗#nodes

introduced in Equation 5.1 indicates how large the memory bandwidth is compared
to the available network bandwidth. The cost model uses this constant to tune the
estimates to the capabilities of the hardware. For this cluster of machines, calibration
tests have shown c = 120 to be a suitable value.

Query A has been executed on a single node. Queries B, C and D have been
distributed on a number of nodes ranging from 2 to 8 slaves and 1 master. In order to
clearly separate their role, the conceptual distinction between master and slave nodes
has been kept in our experiments as well.

Figure 6.4 summarizes the results in terms of speed-up with respect to the non-
distributed Query A. For each of the three distributed variants, the estimated speed-up
and the measured speed-up are showen.

The first observation is that Query D exhibits the best scalability, as reflected by
both the speedup estimated by the RAM optimizer and our intuitive expectations dis-
cussed in Section 6.1.2. Query C also exploits the increasing number of nodes, al-
though not as effectively as Query D does, whereas Query B does not provide any
significant improvement. As apparent from Figure 6.4, the cost-estimate function al-
lows the optimizer to make reasonably accurate estimations of the speedup achieved
by applying a particular query strategy to a given number of nodes.

As shown in Table 6.1, for both queries B (worst) and D (best), nearly all time is
spent computing the distributed part of the query. Here time spent on communication
and post processing of the data on the master node is negligible.

The query execution time for Query B is practically constant regardless of the
number of nodes used. This constant execution time is explained by the observation
that Query B does not distribute the workload evenly over the slaves. Instead, it merely
replicates the bulk of the query to all nodes.

The reasons that Query C is less scalable than Query D are explained clearly by
Table 6.1. First, since distribution is pushed down in the query tree, a significant
fraction of the query (11%) is not parallelized but executed sequentially by the master
node. Second, because Query C requires more data to be transferred, than the other
distributed queries, communication overhead is not an insignificant factor for Query C.
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Discussion

The experiments in this Section focused on a fully distributed environment for a mul-
timedia retrieval system. Query trees are split into fully disjoint sub-queries to be
evaluated on separate nodes. The inclusion of the distribute pseudo-operator into the
internal algebra allows the system to predict the effectiveness of the plan with reason-
able accuracy. This prediction is made by taking into account the parallel execution
of the various sub-queries and the communication cost induced by the distribution.

This technology is directly applicable in a multi-CPU shared-memory environ-
ment by adapting the communication-overhead multiplier c (see Equation 5.1) to this
new environment. The communication overhead in a shared-memory environment can
be expected to be negligible (c = 0). However the parallel evaluation plans created in
this way are rather simplistic: They are still based on fully disjoint sub-queries, while
the shared-memory environment allows for more tightly integrated parallel execution
and flexible exchange of intermediate results among the different processing units.
Examining the effect of these additional possibilities is future work.

The query examined in our case study is a single computation, which allows the
creation of fully disjoint sub-queries. Many scientific problems, such as simulations,
consist of iterative algorithms. Expression of such algorithms in RAM would require
the repeated evaluation of a query, each time operating on the data created in the pre-
vious iteration. For the experiments presented here, each node could simply access the
static database via the network file-system. On-the-fly distribution of (large volumes
of) data alongside the queries introduces costs the RAM system does not yet take into
account.

The experiments have shown that the communication costs are less significant than
expected. In fact, only in the case of Query C (see Section 6.1.2) is communication
overhead noticeable, but even then hardly significant. There are two apparent reasons:
First, the workload represented by the query in our example case is large and by far
the predominant factor in the overall execution costs. Second, experiments were per-
formed on a tightly coupled cluster of machines with a fast interconnection network.
While both aspects seem reasonable in light of our target audience – large scale sci-
entific problems inherently bring costly computations and are usually processed on
dedicated machinery – it remains to be seen how the results translate to other environ-
ments.

6.2 RAM in Applications

So far, we demonstrated that RAM is suited to express the experiments of a real-life
research problem from multimedia retrieval research, and produce query plans that are
satisfactory from an efficiency and scalability viewpoint. We now switch our focus to
the suitability of RAM as a language to express scientific problems. We explore to
what extend the array comprehension syntax captures common analysis tasks in data-
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management by discussing three possible application areas.
The first is a set of operations that forms the basis of OLAP, On-Line Analytical

Processing, systems. These systems allow users – typically in a business setting – to
(manually) explore logged data to identify interesting characteristics of the data. This
task has requirements that can be met by using database technology. It requires large
data stores and fast bulk-processing of that data during analysis.

The second part explores operations that deal with sequences of data. The pro-
cessing of time series in particular has been well studied in the context of database
technology. The typical analysis of series, or sequence, data is aimed at the identi-
fication of events that occurred in a given time interval. A typical example from the
financial world is a series of stock quotes recorded during the day. Time series also
occur in less obvious contexts such as multimedia, e.g., the digital representation of
sound is a sequence of samples from an analogue real-world signal.

The third part covers linear algebra. Linear algebra forms the basis of mathematics
and many problems have been concisely modeled using linear algebra. The final part
briefly touches on one such problem: information retrieval.

The data sets have different names in each of these areas: data-cubes, sequences,
and matrices. Yet, in all cases the data fits in arrays.

6.2.1 OLAP

In the field of database management, the concept of multi-dimensional databases is as-
sociated with OLAP (On-Line Analytical Processing). OLAP systems allow users to
easily generate different views on data collections for further analysis. This examina-
tion of the data from different angles aids in the discovery of interesting features. The
data is modeled as so-called data cubes, multi-dimensional representations of data.
Daily sales for every product at every shop location would for example constitute a
3-dimensional data cube. The core operation in OLAP is aggregation. In the sales-
result example, an OLAP system provides the means to generate aggregates such as
total weekly sales per shop (an aggregate over the individual products), or total sales
for each product (an aggregate over the different shop locations). The added value of
individual OLAP tools are their user interfaces and integrated analysis tools, such as
rudimentary data-mining facilities that attempt to automatically discover interesting
features in the data.

An interesting aspect of OLAP systems is the coexistence of two approaches. The
first approach is based on multi-dimensional database systems. These systems, called
MOLAP systems, are especially designed to support OLAP operations. The second
approach is based on relational mapping. These systems, called ROLAP systems,
are built on top of a relational database back-end that evaluates OLAP operations
expressed as relational queries. Both approaches are successful.

The literature describes a small set of basic operators that capture the functionality
required by OLAP systems. Unfortunately, not all definitions of these operators in the



138 Chapter 6. Case Studies

literature are identical. For the purpose of this exploration, we have opted to adopt the
operator semantics as described by Vassiliadis [10]:

1. Roll (metaphor: rolling a die): rotating the data-cube, also known as pivoting.

2. Slice (metaphor: cutting a slice of cake): lowering the dimensionality of the
data by selecting a single value for one of the dimensions.

3. Dice (metaphor: cutting small cubes of cheese): chopping up a large cube into
smaller cubes of equal dimensionality.

4. Roll up (metaphor: rolling up a piece of paper (making it smaller)): reduce the
number of values in a data set through aggregation.

5. Drill down (metaphor: drilling for oil): zooming in to a (subset of) aggregated
value(s) to expose the detailed information an aggregate is based on.

If we model the data-cube as a multi-dimensional array, all OLAP operators can
be concisely expressed as array queries for the RAM system, with the drill-down
“operator” as a notable exception. Although presented as such, the drill-down is not
really an operator; regenerating the original values from an aggregate is impossible.
For a given drill-down scenario, an OLAP system takes the expression that generated
the current view on the data and derives an expression that computes the drill-down
view directly from the base data. This derived expression could be expressed using
RAM, but the RAM system itself does not keep track of the expression history.

The roll operator rotates, or pivots, a data cube changing the order of the axes
in the data cube. Note that the roll operator does not alter the data in a data-cube,
which provides the possibility for an implementation that merely changes the data
presentation in the user-interface. However, the operation can also be implemented as
a database operation: Which solution is best depends on the application. An example
of the roll operation is the flipping of axes in a two-dimensional data cube3:

Example 6.1 (OLAP: Roll). The roll operator is equivalent to a RAM expression
that specifies a new array with values taken from the original with permutated axes.
Consider the roll, or transposition, of the two axes in a two-dimensional array A:

[A(j, i)|i, j]

The slice operator selects a subset of the data in a given data-cube. It does so by
selecting a single value for one of the dimensions, this reduces the dimensionality of
the data-cube.

3It is straightforward to extend the example expression to higher dimensional cases and any permutation
of the axes.
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Example 6.2 (OLAP: Single Slice). For example, a two-dimensional slice can be
taken from a three-dimensional data-cube A by specifying the slice using a constant
value n for one of the axes in the original:

[A(i, j, n)|i, j]

The example clearly demonstrates that an array with reduced dimensionality is
produced. The principle translates directly to higher dimensional cases: Each dimen-
sion to be reduced is removed from the result shape and a constant is introduced in
the array-expression. As described here, the slice operator selects one single slice out
of all possible slices in the data-cube. In literature the operator is often described as
producing a complete set of subsets (complete in the sense that all of the original data
is represented). This operation can be mimicked in the RAM expression by extending
it to produce an array of slices.

Example 6.3 (OLAP: All Slices). Instead of selecting a single slice, array nesting
can be utilized to produce a nested array containing all slices in A:

[[A(i, j, n)|i, j]|n]

The dice operator is another selection operator. In contrast to the slice operator, it
does not reduce dimensionality: The selected data is a smaller cube equal in dimen-
sionality to the original data.

Example 6.4 (OLAP: Single Die). For example, given an offset < oi, oj > and a
range < si, sj >, a sub-cube can be selected from a two-dimensional data-cube A:

[A(i+ oi, j + oj)|i < si, j < sj]

In this form, the dice operator directly maps onto a range selection over axes in the
array domain. However, as with the slice operator, the dice operator is often defined
as producing the complete set of all dice in the original cube. The RAM expression
could be extended to produce an array of dice.

Example 6.5 (OLAP: All Dice). Given a predefined size for the result dice< si, sj >
a nested array can be specified that contains all dice in a data-cube A:

[[A(i+ k ∗ si, j + l ∗ sj)|i < si, j < sj]|k < nk, l < nl]
where

nk = SA0/si

nl = SA1/sj

Note that this example expression only produces the complete collection of dice if there
are a whole number of partitions.
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The roll up operator performs aggregation: Values along a certain axis of the data-
cube are collapsed onto a single value. This produces a cube of lower dimensionality.
The operator can be mapped directly onto the RAM aggregation construct.

Example 6.6 (OLAP: Simple Roll-Up). For example, the totals for all columns in a
two-dimensional data-cube A can be generated by summing over its rows:

[sum([A(i, j)|i])|j]

The example shows that rolling up a given dimension is nothing more than aggre-
gating over that axis. In OLAP applications, however, rolling up is often presented
to be more complex, e.g., instead of aggregating over all days we may only wish to
total numbers per week – switching from a daily view to a weekly overview – or total
per day-of-the-week. This functionality can be mimicked in a RAM expression by
explicitly grouping the data by reorganizing it before aggregation.

Example 6.7 (OLAP: Weekly and Daily Roll-Up). Consider a two-dimensional data-
cube A where the i-dimension represents numbered days. It can be reshaped by split-
ting the single day-axis in to axes for the week number and day of the week:

Weekly A = [A(week ∗7+weekday, j)|weekday < 7, week < (totaldays/7), j].

After this transformation aggregation the data into weekly totals is straightforward:

[sum([Weekly A(i, w, j)|i])|w, j].

As is the generation of totals for every day of the week:

[sum([Weekly A(d, i, j)|i])|d, j].

The example shows that one axis of an array is split into two axes, each grouping
the data according to a certain condition. This type of data reorganization actually
hints that the new axes introduced where already present in the data to begin with:
The data could have been organized on a weekly basis from the start.

Discussion

The straightforward mapping of an OLAP data-cube onto an array structure requires
the data-cube to be rectangular. Unfortunately, this version of reality is simplified:
Whereas every week by definition has seven days, many grouping conditions do not
produce equally sized groups.

OLAP systems handle variable-sized groups in two ways. The first solution al-
lows variable-sized groups in the data-model, for example, through support for nest-
ing without shape limitations, or – for ROLAP systems – by reverting to the nested-set
model. The other solution pads smaller groups with nil values to enforce a rectangular
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structure. By design, the RAM system poses shape limitations on nested structures.
And to aid in the exploration of array-centric issues, it does not offer support for the
integration of array and set structures. The option that remains, padding, can be used
to implement a complete OLAP system on top of the RAM system.

As shown, the array paradigm allows capturing the basic OLAP operations over
rectangular data-cubes concisely. However, while the RAM system is capable of the
data manipulation required for the OLAP operations, it cannot function as an OLAP
system by itself. For example, the drill-down operator requires alteration of the query
plan formed thus far instead of manipulation of the data. Another issue is the genera-
tion of the initial data-cube. Data to be processed usually originates from a relational
database and may need to be extended to form a data-cube: OLAP systems offer this
functionality, RAM does not. The potential benefit of expressing OLAP operations
as array queries, using the RAM system, is optimization. As argued in Chapter 5,
optimization in the array domain may be more effective than optimization of array-
oriented queries in the relational domain directly.

6.2.2 Time Series

Time series are sequences of data points measured at successive times and these se-
quences are used for two reasons: analysis and prediction. Time series data is inherent
to observational science (e.g., daily temperature measurements in a weather record),
common in a business environment (e.g., records of stock values), and omnipresent
in digital multimedia (e.g., digital audio). A time series forms a record of past events
generated by some process. Analysis of this event record may provide sufficient un-
derstanding of the behavior of the underlying process to construct a model of this
process. Those time series where data points are measured at uniform time intervals
are known as discrete time series. These discrete time series are most common and
map naturally to arrays: Each array cell represents one discrete time interval.

Database technology exists to manage and analyze time-series data, through series-
oriented extensions to the relational model as well as specifically designed database
systems. These systems are aimed at business type series data. Typical examples are
stock-quote records or telecommunication logs. Database solutions differ from normal
relational systems by offering convenient methods to express queries over the order
of data points in a series. Such queries are often hard to express concisely without
explicit support. A typical example is the use of relative (temporal) references such as
previous and next, e.g.: delta(day) = price(day)− price(previous(day)).

Time series also occur naturally and frequently in the (digital) multimedia domain
as digital representations of real-world signals. The type of operations involved in the
digital processing of such signals in multimedia analysis applications is closely related
to the type of manipulations found in time-series databases. This section examines the
viability of expressing time-series operations using arrays and the RAM language and
subsequently explores the extension to signal processing.
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Statistics

Statistical methods are used in both the analysis of time series data and the predic-
tion of trends. These methods parameterize models derived from the original data by
computing properties over a series of data. A common method to model a series of
data is to fit a straight line through the data points. The least-squares fit method fits
a line through data without the need for prior knowledge about that data. The least-
squares fit is defined as follows: given a set of data points xi and data values yi find the
parameters a and b for function f(a, b) = a+ bx that minimize

∑
{[yi− (a+ bxi)]2}.

The closed form functions that compute both a and b are not trivial; assuming a
set of time-value pairs {(xi, yi)} with n elements they are:

b = (Pn
i=1 xiyi)−nµxµy

(Pn
i=1 x2

i )−nµ2
x

,

a = µy − bµx.

The functions mentioned above are easily expressed in RAM by replacing the math-
ematical notation with RAM syntax (assuming a one-dimensional array A, where the
array-index represents the time of the associated values):

X = [i|i < len(A, 0)],
Y = A,
mean(I) = sum(I)/len(I, 0),
b(A,B) = (sum([A(i) ∗B(i)|i])− len(A, 0) ∗mean(A) ∗mean(B))/

(sum([A(i)2|i])− len(A, 0) ∗mean(A)2,
a = mean(Y )− b(X,Y ) ∗mean(X).

The least-squares fit is an example of a single property computed over all values
in a series. Such operations can usually be performed quite efficiently on set-based
systems when the location of the individual elements in the series does not matter. Sys-
tems, however, may be more effective when operations are order dependent. Moving
window operations are a typical example of operations that can benefit from explicit
location information, for example, the moving average. This operation computes the
average value over a small local neighborhood and is typically used to smooth a series.
For example, we can describe the moving average of array A with a window-size n as
follows:

[sum([A(i− j)|j < n])/n|i < len(A, 0)].

This example suffers from the usual boundary problems inherent to operations per-
formed over a local window: For the first few results there are not n − 1 previous
values available. The preferable solution to this problem is application dependent.
For example one could assume a predefined value for missing values, or one could
choose to only include those elements in the result that are fully defined:

[sum([A(i+ j)|j < n])/n|i < (len(A, 0)− (n− 1))].
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As the example shows, the locality of elements in windowed operations (such as the
moving average) can be exploited as element locations are directly reflected by array
indexes in RAM.

Another type of operation that is order dependent is the class of running or cumu-
lative operations, such as the cumulative sum (the sum of all values seen so far). The
cumulative sum operation seems simple to express in RAM (assume a 1D array A):

[sum([A(i)|i < j])|j < len(A, 0)].

Although this query concisely expresses the cumulative sum, it is not a valid RAM
expression: The length of the axis of the inner array (the number of elements to be
summed) is not a constant in this expression violates an important restriction in RAM.
The correct RAM expression is:

[sum([if(i < j) then A(i) else 0|i < len(A, 0)])|j < len(A, 0)],

Signal Processing

Digital audio and video are series of samples taken from a continuous real-world sig-
nal. Digital signal processing is the study of these digital signal representations and
involves two major domains: the time domain (operations on the time series itself);
and the frequency domain (operations on frequency spectra derived from the signal).

One of the most common operations in signal processing is the application of some
kind of filter to a signal: convolution4. In the case of digital signal processing (which
implies discrete signals) the method applies a frequency-domain filter over a signal in
its time-domain representation by multiplying the filter with the signal for each point
in time:

y(t) =
V−1∑
v=0

x(t− v)f(v),

where V equals the number of elements in the filter. This equation translates directly
to the following RAM expression:

[sum([X(t− v) ∗ F (v)|v < len(F, 0)])|t < len(X, 0)]

However, this expression is undefined for values with an index smaller than the win-
dow size. Common solutions for this problem are to either repeat the finite signal
infinitely:

[sum([X((t− v)%len(X, 0)) ∗ F (v)|v < len(F, 0)])|t < len(X, 0)]

or pad the original signal with zeros:

[sum([if(t < v) then 0 else (X(t− v) ∗ F (v))|v < len(F, 0)])|t < len(X, 0)]
4This operation has already been discussed in Section 3.2.5, therefore the details are skipped in this

discussion.
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The similarity to the moving-average example is not a coincidence: The moving
average is a specific case of convolution with a finite uniform filter. This expression
produces the same result as the moving average example in the previous section:

F = [a/n|i < n]

[sum([A(i+ j) ∗ F (j)|j < n])|i < (len(A, 0)− n− 1)]

Another frequently used special case of convolution is the convolution of a signal
with a time-shifted version of itself: autocorrelation. The autocorrelation identifies re-
peating patterns in a signal. Autocorrelation over discrete signals is a simple function:

f(t) =
∑

k

f(k)f(k − t)

In practical situations the signal is finite and the required infinite signal is emulated by
assuming the signal is periodic with the length of the series denoted by n:

f(t) =
n∑

k=0

f(t)f((k − t)%n)

Translated to RAM:

[sum([X(v) ∗X((t− v)%len(X, 0))|v < len(X, 0)])|t < len(X, 0)]

Discussion

Placing the RAM array-expressions in the context of time series shows that the com-
prehension construct allows operations to be expressed concisely in RAM using their
mathematical definitions.

6.2.3 Linear Algebra
Linear algebra is the branch of mathematics concerned with vector spaces, a central
theme in modern mathematics. The applications of linear algebra range from abstract
mathematical concepts such as functional analysis and analytic geometry to more con-
crete applications in the natural sciences and the social sciences. Many scientific mod-
els are formulated in terms of linear algebra.

As a result of the vast utility of linear algebra, the basic linear-algebra opera-
tors have been studied extensively in the context of high performance computing for
decades. For many operations efficient algorithms are known. However, these are typ-
ically algorithms used in stand-alone applications: relational database systems offer
little support for linear algebra.

The structure of both vectors and matrices translate directly to one-dimensional
and two-dimensional arrays. This direct translation makes it possible to elegantly ex-
press many of the linear algebra operations as array-expressions. This section explores
to what extent the RAM system is able to capture the basics of linear algebra.
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Vectors

Traditionally, a vector refers to a quantity related to spatial coordinates. For example,
in physics vectors represent quantities with a direction and magnitude (length) such
as force or acceleration. This meaning has been generalized in mathematics, where
a vector is any element of a vector space over some field. From a purely practical
viewpoint, vectors are a number of elements (values) ordered over one dimension,
similar to a one-dimensional array. A three-dimensional vector ı̄ in can be represented
by a one-dimensional array I of length 3:

ı̄ ≡

 i1
i2
i3

 , I =
i1
i2
i3

.

The basic operations over vectors are addition, subtraction, and, the multiplication
of a vector with a scalar value. These are easily expressed as RAM expressions.

Addition of two vectors is defined as the pair-wise addition of the individual vector
elements, easily expressed in RAM.

ı̄+ ̄ ≡

 i1 + j1
i2 + j2
i3 + j3

 , add(I, J) = [I(x) + J(x)|x].

Likewise, the subtraction of two vectors is defined as the pair-wise subtraction of
the individual vector elements.

ı̄− ̄ ≡

 i1 − j1
i2 − j2
i3 − j3

 , subtract(I, J) = [I(x)− J(x)|x].

Multiplication of a vector with a scalar value is also similar. It is defined as the
multiplication of each of the individual vector elements by the single scalar value.

c · ı̄ ≡

 c · i1
c · i2
c · i3

 , multiply(c, I) = [c ∗ I(x)|x].

The operators discussed so far are element wise operations and as shown are easily
expressed in RAM. The following operators require the combination of the multiple
elements in a vector to produce a single value. These kind of operations are supported
by the aggregation construct. For example, consider computing the magnitude (or
length) of a vector:

|̄ı| ≡
√
i1

2 + i2
2 + i3

2 , length(I) = sqrt(sum([I(x) ∗ I(x)|x])).
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Finally we address the dot and cross products over vectors. The dot product of two
vectors ı̄ and ̄ (also called the inner product) is defined as: ı̄ · ̄ ≡ |̄ı| ∗ |̄| ∗ cos(θ),
where θ is the angle between the two vectors. Its value can be computed as follows:

ı̄ · ̄ ≡ i1j1 + i2j2 + i3j3 , dot(I, J) = sum([I(x) ∗ J(x)|x]).

Expressing the cross product in RAM is somewhat more complex. Like the dot
product, the cross product does not intuitively make much sense for vectors with a di-
mensionality higher than three. Unlike the dot product however, the cross product does
not have such an easily generalized formulation. It is defined as: ı̄× ̄ ≡ n̄|̄ı||̄| sin(θ),
where θ is the angle between the two vectors ( 0 ≤ θ ≤ π ) and n̄ is a vector perpen-
dicular to both vectors. Methods to compute the cross product exist for a number of
dimensions, for example the three dimensional case:

ı̄× ̄ ≡

 i2j3 − i3j2
i3j1 − i1j3
i1j2 − i2j1

 ,

Cr =
1 2
2 0
0 1

cross(I, J) =
[I(Cr(x, 0)) ∗ J(Cr(x, 1))+
I(Cr(x, 1)) ∗ J(Cr(x, 0))|x]

The reason the cross-product is not easily expressed elegantly is that it is not a simple
formula that applies to all elements. Instead, the solution is different for each element
in the resulting vector, which is solved using the index matrix Cr.

Matrices

Matrices are in essence rectangular tables with numbers that depend on two categories
represented by the axes of the matrix. Mathematically, these numbers may represent
the coefficients of systems of linear equations and linear transformations.

In examining matrix operations, we observe a pattern similar to the vector opera-
tions discussed so far: It is trivial to express the simple basic operations in RAM, but
the more complex algorithms are less straightforward.

Like vectors, which are easily mapped on one-dimensional arrays, matrices are
similar in structure to arrays. In this case a 3 × 3 matrix A can be represented by a
two dimensional array A.

A ≡

 a1,1 a1,2 a1,3

a2,1 a2,2 a2,3

a3,1 a3,2 a3,3

 , A =
a1,1 a1,2 a1,3

a2,1 a2,2 a2,3

a3,1 a3,2 a3,3

Element-wise operations, such as matrix-addition are easily captured in RAM ex-
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pressions.

A+B ≡

 a1,1 + b1,1 a1,2 + b1,2 a1,3 + b1,3

a2,1 + b2,1 a2,2 + b2,2 a2,3 + b2,3

a3,1 + b3,1 a3,2 + b3,2 a3,3 + b3,3

 ,

add(A,B) = [A(i, j) +B(i, j)|i, j].

The multiplication of a matrix with a scalar value is another example of an operation
that follows this element-wise pattern.

nA ≡

 na1,1 na1,2 na1,3

na2,1 na2,2 na2,3

na3,1 na3,2 na3,3

 , times(n,A) = [n ∗A(i, j)|i, j].

What makes matrices structurally more interesting than the vectors discussed in
the previous subsection is the fact that matrices have two dimensions instead of just
one. An example of a primitive operation that operates on these dimensions is the
matrix transposition:

AT ≡

 a1,1 a2,1 a3,1

a1,2 a2,2 a3,2

a1,3 a2,3 a3,3

 , transpose(A) = [A(i, j)|j, i].

An example of a simple operation that takes several values from a matrix to pro-
duce a single value is the trace. The trace of a matrix is defined as the sum of the
values on the matrix diagonal, which is trivial to express in RAM:

trace(A) ≡
∑

i ai,i , trace(A) = sum([A(i, i)|i]).

Matrix multiplication is often used as a benchmark operation as it is both an im-
portant operation in many algorithms as a relatively expensive operation. The expense
comes from the amount of data processed (i× j × k elements), not the complexity of
the operation. The simplicity of the operator itself – it can be concisely expressed in a
single formula – makes its expression in RAM trivial:

AB = C(ci,j =
∑

k ai,kbk,j),

multiply(A,B) = [sum([A(i, k) ∗B(k, j)|k])|i, j]

A similar observation can be made for the determination of the matrix determinant.
The determinant of a matrix is a number that indicates whether the linear system
represented by a square matrix has a unique solution. The system has a unique solution
if the determinant is non-zero. The Leibniz formula is a concise generic solution that
can be expressed elegantly in RAM:

det(A) =
∑

σ∈Sn
sgn(σ)

∏n
i=1Ai,σ(i),

det(A) = sum([sgn(s) ∗ prod([A(i, perm(len(A, 0), s, i))|i])|s < len(A, 0)!]).
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This sum is computed over all permutations of the numbers {1, 2, ..., n}, where sgn(σ)
denotes the signature of the permutation: +1 if it is an even permutation and −1 if
it is odd. These characteristics are represented in the RAM expression by a function
sgn(s) and a function perm(n, s, i) that returns the ith value in the sth permutation
of {1, 2, ..., n}.

It is not expressing these functions that is problematic, but rather the n! summands
that this method generates. There are other methods to compute the determinant value
more efficiently, but it is unrealistic to expect an optimizer to automatically derive
such (far more complex) methods.

Discussion

We have clearly shown that the RAM language can be used to elegantly capture most
of primitives found in a variety of domains. However, the declarative nature of the
language prohibits expression of certain more complex operations. The problem, as it
turns out, is not the data model but the declarative paradigm of the query language.

Declarative languages allow users to express what they want, not what the sys-
tem should do. In most cases this eases the burden on the user as the system derives
the most efficient way to compute the result. In some cases however, very efficient
methods are known but (virtually) impossible to derive from the initial problem defi-
nition automatically. In other cases the desired result can only described in an abstract
way, for example: the inverse matrix A−1 of a matrix A is the matrix that satisfies
AA−1 = A−1A = I . For the latter, algorithms are known to solve the problem given
certain specific conditions are met.

6.2.4 Textual Information Retrieval

Information retrieval (IR) is the process of retrieving information, usually in the form
of documents, relevant to a user. An information-retrieval system is different from a
database system in that it does not answer exact queries. Where database systems are
designed to retrieve exactly those data objects that satisfy the conditions exactly spec-
ified in a query, information retrieval systems are designed to return those documents
that satisfy a user’s information need. Such systems typically allow the user to express
his information need by providing keywords. The system then returns a ranked list of
documents that its retrieval model marks as relevant given the query.

Most information retrieval systems for textual documents are at the core based on
counting words, or terms, in documents. Roelleke et al. have provided an elegant
generic framework that captures a variety of different IR models [11]. The general
matrix framework for modeling information retrieval models the processes of infor-
mation retrieval as well as the evaluation of results in benchmarks as a number of
matrix operations. In this section we focus solely on the retrieval side of the frame-
work.
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The framework models a collection of documents as a vector of terms ti ∈ T , and
a vector of documents di ∈ D. The central data structure is the document-term matrix
DT , which captures the occurrence of terms (tj) in documents (di):

∀dti,j ∈ DT : dti,j =
{

1 ⇐⇒ tj ∈ di

0 ⇐⇒ tj /∈ di

In the framework a specific query Q is similarly defined as a vector q̄ where:

∀qi ∈ q̄ : qi =
{

1 ⇐⇒ ti ∈ Q
0 ⇐⇒ ti /∈ Q

For a number of important IR models, retrieval-status-value functions (RVS ) are de-
fined that compute a value for a given document-query combination. Typically this
value is a score that can be used to rank the documents in the collection on relevance.

Since theseRV S functions are defined as matrix operations, translation into RAM
expressions is simple using the linear algebra operators defined for RAM in Sec-
tion 6.2.3. Consider the basic vector-space model.

Example 6.8. Vector-space model in the general matrix framework. The vector-space
model is defined as follows:

RVSV SM (d, q) := d̄T · q̄

Which translates to the following RAM expression:

rvs vsm(d,Q) = multiply(transpose([DT (d, t)|t]), Q)

This expression produces the requested value for a single document/query pair.
Evaluating the function for the entire collection in RAM is as simple as applying it to
the vector of all documents:

score collection(Q) = [rvs vsm(D(d), Q)(0, 0)|d]

Here the result of the RVS function is dereferenced with the index value (0, 0) to extract
the value from the singleton matrix it produces. The actual ranking of the documents
based is subsequently performed by sorting the documents on the scores computed.

The example demonstrates clearly that the RAM system can be used to implement
non-trivial applications concisely. Unfortunately, the example also demonstrates a
practical problem with the limitations of the current version of RAM: limitation to
dense arrays. Representing the large document-term matrices used in information
retrieval explicitly as a dense matrix in the storage layer is infeasible for anything but
the smallest document collections5. A sparse RAM mapping, that does not materialize
the zero counts, would be needed to make a RAM implementation feasible for text
retrieval and similar applications.

5 For example, the collection for the 2006 Terabyte Track [12] consisted of 25 million documents con-
taining millions of unique terms. A collection this size would result in a document-term matrix hundreds of
terabytes large.
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6.3 Discussion
In this chapter we have seen a number of examples of the application of the RAM
system to specific problems. Using an example taken from a real-life problem from
multimedia-retrieval research we examined the performance potential of the RAM
system. Subsequently, we explored the expressiveness of the comprehension-based
array query language using basic operations, taken from four different potential appli-
cation areas for the RAM system, as examples.

The performance potential of the RAM system is promising. Using the the GMM
scoring application as a test case, we have shown that the RAM system has the poten-
tial for performance that is competitive with native solutions.

In addition, it is apparent that there is a definite class of problems that can be ele-
gantly and declaratively expressed using the RAM language. However, it is also clear
that there are limitations to the applicability of the RAM system, which is inherent to
the explicit focus on the array paradigm.

Another problem is a practical issue with the limitations of the current prototype of
the RAM system, in particular its limitation to dense arrays. For example, representing
the large document-term matrices used in information retrieval explicitly as a dense
matrix is infeasible for anything but the smallest document collections. A sparse
RAM mapping is essential to make a RAM implementation feasible for text retrieval
and similar applications.
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