R:c

R:a R:b .
. - value id
value | id value | id 5 )
00 | 0 A 0 |
200 | 1 B 1 anica | 2
300 | 2 C 2 rea
America 3

(a) Multiple mapping directories
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R:a[200] jR:bj jR:cj+ R:b[C] jR:cj + R:c[Asia]
1 3 4+2 4+1=21
(b) Offset of aggregate value

Fig. 4. Group directories for aggregation

gregate values. Assuming that M; is the map for attribute
i and Mj[v] gives the identifier for value v of attribute i,
one can then reduce the multi-dimensional mapping of tuple

1.Vo) il ;v,@ for grouping across n attributes, to the scalar

L (Mivi] F=i+1 IMj|), where [Mj| is the size of the
mapping table for attribute i. The previous formula maps each
combination of values tba unique offset in the aggregate
arrays, the latter holding ("~ j, [M|) values each. An example
of applying the formula is shown in Figure 4(b). Aggregate
evaluation then progresses as follows: for each input tuple, the
grouping attribute maps are used to identify the offset of the
group the tuple belongs to. Then, the corresponding variables
for this group in each aggregate array are updated with the
current values of the aggregate functions.

In all cases, the code generator inlines the code that identi-
fies the groups and applies the aggregate functions. The lack
of function calls is particularly important in aggregation: it
allows the compiler to generate executable code that widely
reuses registers in a computationally-intensive operation. The
optimized code minimizes the frequency of interruptions to the
execution sequence due to stack interaction, avoids multiple
evaluation of common arithmetic expressions, and reduces the
number of data accesses per tuple.

C. Development

The main challenges in engineering a code generator for
query evaluation were (&) the identification of common code
templates across different algorithms, (b) the interconnection
of different operators, since no common interface is present
any more, and (C) the verification of correctness of the
generated code for all supported operations.

The holistic evaluation model eases those problems. The
main advantage is that its algorithms exploit generic code
templates for all operations. Data staging employs the template
of Listing 1; sorting and partitioning operations can be inter-
leaved inside the code. For join evaluation, the nested-loops
template of Listing 2 is used in each case, with differences
between algorithms either being taken care of through staging,
or through extra steps inside the loops. For instance, for hash
join, the segments corresponding to Lines 3 to 5 are included
and the ones for Lines 6 and 21 are excluded; including the last
two code segments will turn the algorithm into hybrid hash-
sort-merge join. Aggregation extends the template of Listing 1
by injecting code for tracking different groups and computing
the aggregate functions. Furthermore, operators are connected
by materializing intermediate results as temporary tables inside
the buffer pool and streaming them to subsequent operators.

TABLE 1

INTEL CORE 2 DUO 6300 SPECIFICATIONS
Number of cores 2
Frequency 1:86GHz
Cache line size 64B
I1-cache 32KB (per core)
D1-cache 32KB (per core)
L2-cache 2MB (shared)
L1-cache miss latency (sequential) | 9 cycles
L1-cache miss latency (random) 14 cycles
L2-cache miss latency (sequential) | 28 cycles
L2-cache miss latency (random) 77 cycles

RAM type 2x1GB DDR2 667MHz

The experience of developing HIQUE has verified these
claims. The introduction of new algorithms or even new
operators required more effort to extend the parser and the
optimizer than to extend the generator. As a general methodol-
ogy of introducing algorithms, we would first create a model
implementation of the new algorithm and compare it to the
existing templates. In most cases, the new algorithm resulted
in a few different lines of code when compared to the existing
evaluation algorithms. We would then extend the templates and
the code generator to support the new algorithm. This process
was further aided by the output of the code generator being a
C source code file: the compiler helped the developer to easily
identify errors in the generated code and reduce the number
of iterations needed to fully support the new algorithm.

VI. EXPERIMENTAL STUDY

To test the viability of code generation as a general solution
to query evaluation we experimented with different aspects of
the system. Our aim was to measure (a) the superiority of
the holistic model over the traditional iterator-based approach,
(b) the effect of compiler optimizations on the code generated
by HIQUE, (C) the competitiveness of the system in comparison
to other approaches, both research and commercial ones, on
established benchmark queries, and (d) the penalty for gener-
ating, compiling, and linking query-specific code at runtime.

We report results on the currently dominant x86-64 proces-
sor architecture. Our system had an Intel Core 2 Duo 6300 dual
core processor, clocked at 1:86GHz. The system had a physical
memory of 2GB and was running Ubuntu 8:10 (64 bit version,
kernel 2:6:27); HIQUE’s generated code was compiled using the
GNU compiler (version 4:3:2) and with the -02 compilation
flag. More detailed information about the testing platform can
be found in Table I. The cache latencies were measured using
the RightMark Memory Analyser [22].

Metrics and methodology. All queries were run in isolation
and were repeated ten times each. Each query ran in its own
thread, using a single processor core. We did not materialize
the output in any case, as the penalty of materialization is
similar for all systems and configurations. We report average
response times for each system, with the deviation being less
than 3% in all cases. We also used hardware performance
events as metrics. We obtained the latter with the OPro-
le [19] tool, which collects sampling data from the CPU’s
performance event counters. We broke down the execution
time into instruction execution, D1-cache miss stalls, L2-cache
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(a) Execution time breakdown for Join Query #1

(b) Execution time breakdown for Join Query #2

CPI Retired Function D1-cache D1-cache prefetch | L2-cache prefetch
instructions (%) calls (%) accesses (%) efficiency (%) efficiency (%)
Generic iterators 0.613 100.00 100.00 100.00 8.33 43.28
Optimized iterators 0.628 91.81 66.99 94.20 10.64 68.35
Generic hard-coded 0.569 53.47 33.87 51.85 27.78 86.84
Optimized hard-coded | 0.498 27.63 1.29 39.31 25.00 89.47
HIQUE 0.475 26.22 1.08 36.67 25.00 92.11
(c) Hardware performance metrics for Join Query #1
CPI Retired Function D1-cache D1-cache prefetch | L2-cache prefetch
instructions (%) calls (%) accesses (%) efficiency (%) efficiency (%)
Generic iterators 0.697 100.00 100.00 100.00 30.67 87.27
Optimized iterators 0.729 95.65 86.86 97.49 30.31 92.20
Generic hard-coded 0.720 67.32 49.56 61.95 60.55 86.38
Optimized hard-coded | 0.750 56.80 32.75 56.13 60.95 89.93
HIQUE 0.769 56.62 32.37 54.03 61.07 89.97

(d) Hardware performance metrics for Join Query #2

Fig. 5.

Join profiling

miss stalls and other pipeline resource stalls.> To account for
hardware prefetching, we assumed sequential access latencies
for prefetched cache lines and random access latencies for all
other cache misses. This allows for approximate calculation of
the cost of cache misses, as the non-blocking design of cache
memory allows the CPU to continue executing instructions
while fetching data. Still, this methodology provides a good
approximation of actual cache miss stall times. In addition to
the execution time breakdown, we also calculate the Cycles
Per Instruction (CPI) ratio, the minimum value being 0:25 for
Intel Core 2 Duo processors (i.e., four instructions executed in
parallel per CPU cycle). We also measured samples for retired
instructions, function calls and D1-cache accesses, normalized
to the highest value among the compared configurations for
each query. Finally, we report the prefetching efficiency ratio,
defined as the number of prefetched cache lines over the total
number of missed cache lines.

A. lterators versus holistic code

To quantify the iterator model’s deficiency compared to
the proposed holistic model, we compared the following
implementations: (&) an iterator-based one using generic func-
tions for predicate evaluation, (b) a type-specific version
of iterators with inlined predicate evaluation, (C) a hard-
coded implementation using generic functions for predicate
evaluation and tuple accesses, (d) an improved hard-coded
version with direct tuple accesses using pointer arithmetic,
and (e) the code generated by HIQUE, that further inlines
predicate evaluation. We favored the generic implementations

2Qther pipeline resource stalls are defined as resource stalls that are not
due to D1- or L2-cache misses — see also [15].

by separately compiling the code for each query (including all
parameters for instantiating the statically pipelined iterators),
thus allowing their extended optimization by the compiler. For
join evaluation, we experimented with (a) two tables of 10;000
tuples of 72 bytes each using merge-join, with each outer
tuple matching with 1;000 inner tuples, and (b) two tables of
1;000;000 tuples of 72 bytes each using hybrid-join, with each
outer tuple matching with 10 inner tuples. For aggregation,
we used a table of 1;000;000 tuples of 72 bytes each, two
sum functions, and we selected as the grouping attribute one
field with either (a) 100;000 distinct values, or (b) 10 distinct
values. We employed hybrid aggregation in the first case and
map aggregation in the second. All join and grouping attributes
were integers. We used both response times and hardware
performance events as metrics. We present the results for join
evaluation in Figure 5 and for aggregation in Figure 6.

The first join query is inflationary, as it produces 10;000;000
tuples when joining two tables of 10;000 tuples each. In
this case, the nested-loops-based template for join evaluation
proves very efficient, as HIQUE is almost five times faster
than the iterator implementations. The time breakdown in
Figure 5(a) shows that all versions exhibit minimal memory
stalls, so the difference in execution time is exclusively due to
the lack of function calls, the reduction in retired instructions,
and the elimination of resource stalls. Note that the generated
code requires 26:22% of the instructions, 36:67% of the data
accesses and 1:08% of the function calls when compared to
the generic iterator version, as shown in Figure 5(c). Besides,
the CPI ratio improves by 22:5% and closes in to the ideal
value of 0:25. One can also observe that the efficiency of
hardware prefetching more than doubles as the code becomes
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(a) Execution time breakdown for Aggregation Query #1 (b) Execution time breakdown for Aggregation Query #2
CPI Retired Function D1-cache D1-cache prefetch | L2-cache prefetch
instructions (%) calls (%) accesses (%) efficiency (%) efficiency (%)
Generic iterators 0.796 100.00 100.00 100.00 19.16 94.76
Optimized iterators 0.798 95.35 92.48 99.88 21.73 91.95
Generic hard-coded 0.872 59.85 86.83 91.19 56.79 85.59
Optimized hard-coded | 0.875 54.99 77.74 89.32 56.82 86.12
HIQUE 0.919 53.86 68.65 81.63 56.90 88.95
(c) Hardware performance metrics for Aggregation Query #1
CPI Retired Function D1-cache D1-cache prefetch | L2-cache prefetch
instructions (%) calls (%) accesses (%) efficiency (%) efficiency (%)
Generic iterators 0.791 100.00 100.00 100.00 75.71 95.05
Optimized iterators 0.881 81.85 94.06 74.79 93.18 93.17
Generic hard-coded 0.936 67.62 65.35 60.21 78.93 93.44
Optimized hard-coded | 0.904 53.13 32.67 52.72 78.37 95.57
HIQUE 0.899 41.89 4.95 46.13 70.39 95.86

(d) Hardware performance metrics for Aggregation Query #2

Fig. 6.

more query-specific, both for the D1- and the L2-cache.

The second join query uses two larger tables as inputs and
has much lower join selectivity. In this case, the majority of
the execution time is spent on staging the input, i.e., hash-
partitioning it and sorting the partitions. Since all versions
implement the same algorithm, use the same type-specific im-
plementation of quicksort, and display similar access patterns,
the differences in execution times are narrowed. As shown
in Figure 5(b) HIQUE is almost twice faster than the iterator-
based versions. The penalty for memory stalls is similar in all
cases, as expected. The reduction in retired instructions, data
accesses and function calls is still significant, according to
Figure 5(d), but does not reach the levels of the previous query.
Note that the CPI ratio increases for hard-coded versions. This
is due to the retirement of fewer instructions in total, so the
contribution of costly memory operations to the CPI is more
substantial. Prefetching efficiency doubles for the D1-cache
and is approximately 90% for the L2-cache in all cases.

In terms of aggregation, the first benchmark query was
evaluated using the hybrid hash-sort algorithm. In this case
staging dominates execution time, as aggregation is evaluated
in a single scan of the sorted partitions. Still, as shown in
Figure 6(a), HIQUE maintains an advantage of a factor of 1:61
over iterators. The use of the same partitioning and sorting
implementations leads to similar memory stall costs for all
code versions. The difference in execution times mainly stems
from the reduction in instructions, data accesses and function
calls, according to Figure 6(c). Observe that the efficiency of
the D1-cache prefetcher increases three times, while that of
the L2-cache reaches almost 90% for all implementations.

In the case of the proposed map-based algorithm, aggre-

Aggregation profiling

gation is evaluated in a single pass of the input without any
need for intermediate staging. This allows the code generator
to inline all group tracking and aggregate calculations in a
single code segment. As shown in Figure 6(b), the code
generated by HIQUE outperforms generic iterators by almost
a factor of two. Memory stalls dominate execution time for
the HIQUE version (though their effect might be alleviated
from the operation of non-blocking caches), as the aggregate
calculations require only a few instructions per tuple. Also
shown in Figure 6(b), the reduction in function calls is gradual
as the code becomes more query-specific and reaches 4:95%
for the most optimized hard-coded version. Furthermore, the
linear scan of the input helps the hardware prefetchers achieve
high levels of efficiency, over 70% for the D1-cache and near
95% for the L.2-cache in all cases.

We next examined the efficiency of compiler optimizations
on the iterator-based and the hard-coded implementations. We
compiled the various implementations with compiler optimiza-
tions disabled (by setting the optimization flag to -00 for the
GNU compiler) and ran the same join and aggregation queries.
The results are presented in Table II. Naturally, the differences
between the various code versions are more tangible when
there are no compiler optimizations, since the compiler can
apply some of the optimizations that are included in the code
generation process. For example, the compiler may inline the
functions for predicate evaluation, so the differences between
the last two implementations are narrowed in all queries, but
become apparent when the -00 optimization flag is used.

The results show that compiler optimizations are most
efficient in the first join query, resulting in speedups between
2:67 and 4:85, as the loop-oriented code transformations can
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execution. We experimented with TPC-H Queries 1, 3 and 10.
These include highly selective join predicates that cannot be
evaluated as join teams, as well as aggregation operations
of a varying number of grouping attributes and aggregate
functions. TPC-H tables have wide tuples spanning multiple
cache lines, with only a few fields actually needed by any
query. Thus, the expectation is for MonetDB to benefit from
vertical partitioning and outperform all NSM-based systems.
TPC-H Query 1 is an aggregation over almost the entire
lineitem table (about 5;900;000 tuples) and produces four
output groups. As the two aggregation attributes have a product
of distinct value cardinalities equal to six, the most appropriate
holistic aggregation algorithm is map aggregation. The results
in Figure 8(a) show HIQUE outperforming MonetDB by a factor
of four and the other NSM-based systems by two orders of mag-
nitude, reaching a 167-fold advantage over PostgreSQL. This
is due to the holistically generated code: it inlines all selection,
grouping, and aggregation operations in a single succinct code
block that lacks function calls and is tailored towards efficient
register utilization. The measured performance translates to

(b) Query #3
TPC-H Queries

(b) Multi-way joins
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662:16 millions of CPU cycles, which is comparable to that
of MonetDB/X100’s DSM-based approach and 30% faster
than MonetDB/X100’s NSM-based approach [26]. Hence, we
posit that HIQUE generates code that is identical to a hard-
coded implementation, thus achieving maximum efficiency in
aggregation (at least for NSM-based systems).

The remaining queries test join evaluation, aggregation, and
sorting. The holistic optimizer stages all inputs before further
operations. This is expensive over the benchmark tables, as
only a small portion of each tuple is used by the query
operators. The queries are a perfect match for DSM systems,
like MonetDB: through vertical partitioning only the required
fields for each operator are fetched. As a result HIQUE is 34:5%
faster and 18:1% slower in Queries 3 and 10 respectively, when
compared to MonetDB. Compared to the NSM systems, HIQUE
outperforms PostgreSQL and System X by a substantial factor,
ranging between 2:2 and 11:1.

The TPC-H results prove the viability of holistic evaluation in
a realistic query workload. The holistic model provides code
simplicity and enhances cache locality during execution, there-
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