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Motivation

DBMSs built for 70’s-80’s hardware
Current hardware is much much different

Need to rethink the design
Key issues:

Pipelining → dependent code, branches bad
Multi-core
Caches
GPUs: lots of processing power, not clear how to use it
Increasingly NUMA architectures
FPGAs
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Overview of "Modern" CPUs

Discussion from: "MonetDB/X100: Hyper-Pipelining Query
Execution"; CIDR 2005
Heavy use of instruction pipelining

Split a CPU instruction into large number of stages
1993 Pentium: 5-stage pipeline, 2004 Penitum4: 31 pipeline
stages
Example stages: IF = Instruction Fetch, ID = Instruction
Decode, EX = Execute, MEM = Memory access, etc...
More stages –> simpler architecture
More stages necessitates speculative execution
More stages –> Wasted work because of dependent
instructions and branch misprediction
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Overview of "Modern" CPUs

Heavy use of instruction pipelining

Super-scalar architectures
Large number of independent pipelines
Hard to keep feeding data into them in many cases
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Overview of "Modern" CPUs

Discussion from: "MonetDB/X100: Hyper-Pipelining Query
Execution"; CIDR 2005

/* branch version */
if (src[i] < V)

out[j++] = i;

/* predicated version */
bool b = (src[i] < V);

j += b;

out[j] = i;

return j;

}

}
query selectivity

int sel_lt_int_col_int_val(int n, int* res, int* in, int V) {

m
se

c.

for(int i=0,j=0; i<n; i++){
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Figure 2: Itanium Hardware Predication Eliminates
Branch Mispredictions

Most programming languages do not require
programmers to explicitly specify in their programs
which instructions (or expressions) are independent
Therefore, compiler optimizations have become crit-
ical to achieving good CPU utilization. The most
important technique is loop pipelining, in which an
operation consisting of multiple dependent operations
F(), G() on all n independent elements of an array A

is transformed from:
F(A[0]),G(A[0]), F(A[1]),G(A[1]),.. F(A[n]),G(A[n])

into:
F(A[0]),F(A[1]),F(A[2]), G(A[0]),G(A[1]),G(A[2]), F(A[3]),..

Supposing the pipeline dependency latency of F()

is 2 cycles, when G(A[0]) is taken into execution, the
result of F(A[0]) has just become available.

In the case of the Itanium2 processor, the impor-
tance of the compiler is even stronger, as it is the
compiler which has to find instructions that can go
into different pipelines (other CPUs do that at run-
time, using out-of-order execution). As the Itanium2
chip does not need any complex logic dedicated to find-
ing out-of-order execution opportunities, it can contain
more pipelines that do real work. The Itanium2 also
has a feature called branch predication for eliminating
branch mispredictions, by allowing to execute both the
THEN and ELSE blocks in parallel and discard one
of the results as soon as the result of the condition
becomes known. It is also the task of the compiler to
detect opportunities for branch predication.

Figure 2 shows a micro-benchmark of the selection
query SELECT oid FROM table WHERE col < X, where X

is uniformly and randomly distributed over [0:100]

and we vary the selectivity X between 0 and 100. Nor-
mal CPUs like the AthlonMP show worst-case behav-
ior around 50%, due to branch mispredictions. As sug-
gested in [17], by rewriting the code cleverly, we can
transform the branch into a boolean calculation (the
“predicated” variant). Performance of this rewritten
variant is independent of the selectivity, but incurs a
higher average cost. Interestingly, the “branch” vari-
ant on Itanium2 is highly efficient and independent of
selectivity as well, because the compiler transforms the

branch into hardware-predicated code.
Finally, we should mention the importance of on-

chip caches to CPU throughput. About 30% of all
instructions executed by a CPU are memory loads
and stores, that access data on DRAM chips, located
inches away from the CPU on a motherboard. This
imposes a physical lower bound on memory latency of
around 50 ns. This (ideal) minimum latency of 50ns
already translates into 180 wait cycles for a 3.6GHz
CPU. Thus, only if the overwhelming majority of the
memory accessed by a program can be found in an on-
chip cache, a modern CPU has a chance to operate at
its maximum throughput. Recent database research
has shown that DBMS performance is strongly im-
paired by memory access cost (“cache misses”) [3], and
can significantly improve if cache-conscious data struc-
tures are used, such as cache-aligned B-trees [16, 7] or
column-wise data layouts such as PAX [2] and DSM [8]
(as in MonetDB). Also, query processing algorithms
that restrict their random memory access patterns to
regions that fit a CPU cache, such as radix-partitioned
hash-join [18, 11], strongly improve performance.

All in all, CPUs have become highly complex de-
vices, where the instruction throughput of a processor
can vary by orders of magnitude (!) depending on
the cache hit-ratio of the memory loads and stores,
the number of branches and whether they can be pre-
dicted/predicated, as well as the amount of indepen-
dent instructions a compiler and the CPU can detect
on average. It has been shown that query execution in
commercial DBMS systems get an IPC of only 0.7 [6],
thus executing less than one instruction per cycle. In
contrast, scientific computation (e.g. matrix multipli-
cation) or multimedia processing does extract average
IPCs of up to 2 out of modern CPUs. We argue that
database systems do not need to perform so badly,
especially not on large-scale analysis tasks, where mil-
lions of tuples need to be examined and expressions
to be calculated. This abundance of work contains
plenty of independence that should be able to fill all
the pipelines a CPU can offer. Hence, our quest is to
adapt database architecture to expose this to the com-
piler and CPU where possible, and thus significantly
improve query processing throughput.

3 Microbenchmark: TPC-H Query 1

While we target CPU efficiency of query processing in
general, we first focus on expression calculation, dis-
carding more complex relational operations (like join)
to simplify our analysis. We choose Query 1 of the
TPC-H benchmark, shown in Figure 3, this query is
CPU-bound because on all RDBMSs we tested. Also,
this query requires virtually no optimization or fancy
join implementations as its plan is so simple. Thus, all
database systems operate on a level playing field and
mainly expose their expression evaluation efficiency.

The TPC-H benchmark operates on a data ware-
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Overview of "Modern" CPUs

Discussion from: "Breaking the Memory Wall in MonetDB";
CACM 2008
Memory Hierarchy
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has profoundly influenced the database area and indeed our 
work on MonetDB.

Another facet is that predictable array-wise processing 
models have been strongly favored in a string of recent CPU 
architectural innovations. While the rule “make the common 
case fast” was exploited time and time again to design and 
construct ever more complex CPUs, the difference in perfor-
mance efficiency achieved by optimized code and intended 
use (e.g., “multimedia applications”) versus nonoptimized 
code and nonintended use (e.g., “legacy database applica-
tions”) has become very significant. A concrete example is 
the evolution of CPUs from executing a single instruction 
per clock cycle, to multi-issue CPUs that use deeply pipe-
lined execution; sometimes splitting instructions in more 
than 30 dependent stages. Program code that has a high 
degree of independence and predictability (multimedia or 
matrix calculations) fills the pipelines of modern CPUs per-
fectly, while code with many dependencies (e.g., traversing a 
hash-table or B-tree) with unpredictable if-then-else checks, 
leaves many holes in the CPU pipelines, achieving much 
lower throughput.

2.1. The memory hierarchy
The main memory of computers consists of dynamic random 
access memory (DRAM) chips. While CPU clock-speeds have 
been increasing rapidly, DRAM access latency has hardly 
improved in the past 20 years. Reading DRAM memory took 
1–2 cycles in the early 1980s, currently it can take more than 
300 cycles. Since typically one in three program instructions 
is a memory load/store, this “memory wall” can in the worst 
case reduce efficiency of modern CPUs by two orders of mag-
nitude. Typical system monitoring tools (top, or Windows 
Task manager) do not provide insight in this performance 
aspect, a 100% busy CPU could be 95% memory stalled.

To hide the high DRAM latency, the memory hierar-
chy has been extended with cache memories (cf., Figure 1), 
typically located on the CPU chip itself. The fundamental 

principle of all cache architectures is reference locality, i.e., 
the assumption that at any time the CPU repeatedly accesses 
only a limited amount of data that fits in the cache. Only the 
first access is “slow,” as the data has to be loaded from main 
memory, i.e., a compulsory cache miss. Subsequent accesses 
(to the same data or memory addresses) are then “fast” as 
the data is then available in the cache. This is called a cache 
hit. The fraction of memory accesses that can be fulfilled 
from the cache is called cache hit rate.

Cache memories are organized in multiple cascading lev-
els between the main memory and the CPU. They become 
faster, but smaller, the closer they are to the CPU. In the 
remainder we assume a typical system with two cache levels 
(L1 and L2). However, the discussion can easily be general-
ized to an arbitrary number of cascading cache levels in a 
straightforward way.

In practice, cache memories keep not only the most 
recently accessed data, but also the instructions that are cur-
rently being executed. Therefore, almost all systems nowa-
days implement two separate L1 caches, a read-only one for 
instructions and a read-write one for data. The L2 cache, 
however, is usually a single “unified” read-write cache used 
for both instructions and data.

A number of fundamental characteristics and parameters 
of cache memories are relevant for the sequel:
Capacity (C). A cache’s capacity defines its total size in bytes. 
Typical cache sizes range from 32KB to 4MB.
Line size (Z). Caches are organized in cache lines, which rep-
resent the smallest unit of transfer between adjacent cache 
levels. Whenever a cache miss occurs, a complete cache line 
(i.e., multiple consecutive words) is loaded from the next 
cache level or from main memory, transferring all bits in the 
cache line in parallel over a wide bus. This exploits spatial 
locality, increasing the chances of cache hits for future refer-
ences to data that is “close to” the reference that caused a 
cache miss. The typical cache-line size is 64 bytes.
Associativity (A). An A-way set associative cache allows load-
ing a line into one of A different positions. If A > 1, some 
cache replacement policy chooses one from the A candidates. 
Least recently used (LRU) is the most common replacement 
algorithm. In case A = 1, the cache is called directly mapped. 
This organization causes the least (virtually no) overhead in 
determining the cache-line candidate. However, it also offers 
the least flexibility and may cause a lot of so-called conflict 
misses. The other extreme case is fully associative caches. 
Here, each memory address can be loaded to any line in the 
cache (A = #). This avoids conflict misses, and only so-called 
capacity misses occur as the cache capacity gets exceeded. 
However, determining the cache-line candidate in this strat-
egy causes a relatively high overhead that increases with 
the cache size. Hence, it is feasible only for smaller caches. 
Current PCs and workstations typically implement two- to 
eight-way set associative caches.
Latency (l) is the time span from issuing a data access 
until the result is available in the CPU. Accessing data that 
is already available in the L1 cache causes L1 access latency 
(lL1), which is typically rather small (1 or 2 CPU cycles). In 
case the requested data is not found in L1, an L1 miss occurs, 
additionally delaying the data access by L2 access latency (lL2) 

Figure 1: Hierarchical memory architecture.
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Memory Hierarchy

Issues:
DRAM latencies: 1-2 cycles in 80’s, 300 cycles today (i.e.,
2009)
L1 cache: usually split between instructions and data; L2,
L3: unified
Capacity = 30KB-4MB; Line size = 64 bytes
Associativity: higher associative ==> better performance,
but much higher cost (i.e., silicon cost)

Compulsory cache misses vs conflict misses

Translation lookaside buffer (TLB) (Note: paper called it
"transition" – wrong)

Mapping between virtual addresses and real addresses
Double penalty if you get a TLB miss
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Overview of "Modern" CPUs

Discussion from: "Breaking the Memory Wall in MonetDB";
CACM 2008
Key innovations that help:

Vertical storage: Better utilization of cache lines
Bulk query algebra: Simplified algebra
Cache-conscious algorithms: Re-implementations to
minimize cache misses
Memory access cost modeling

Aside: always keep in mind Amdahl’s law
In many of these cases, the maximum benefits are limited
Often not orders of magnitude
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DBMSs on Modern Processors: Where does the time
go?

VLDB 1999
Detailed study comparing multiple commercial DBMSs

Couldn’t name the DBMSs because of the "DeWitt" clause

analyzing the query execution time. Even as processor 
clocks become faster, stall times are not expected to 
become much smaller because memory access times do 
not decrease as fast. Thus, the computation component 
will become an even smaller fraction of the overall 
execution time.  

The memory stall time contribution varies more across 
different queries and less across different database 
systems. For example, Figure 5.1 shows that when System 
B executes the sequential range selection, it spends 20% 
of the time in memory stalls. When the same system 
executes the indexed range selection, the memory stall 
time contribution becomes 50%. Although the indexed 
range selection accesses fewer records, its memory stall 
component is larger than in the sequential selection, 
probably because the index traversal has less spatial 
locality than the sequential scan. The variation in TM’s 
contribution across DBMSs suggests different levels of 
platform-specific optimizations. However, as discussed in 
Section 5.2, analysis of the memory behavior yields that 
90% of TM is due to L1 I-cache and L2 data misses in all 
of the systems measured. Thus, despite the variation, there 
is common ground for research on improving memory 
stalls without necessarily having to analyze all of the 
DBMSs in detail. 

Minimizing memory stalls has been a major focus of 
database research on performance improvement. 
Although in most cases the memory stall time (TM) 
accounts for most of the overall stall time, the other two 
components are always significant. Even if the memory 
stall time is entirely hidden, the bottleneck will eventually 
shift to the other stalls. In systems B, C, and D, branch 
misprediction stalls account for 10-20% of the execution 
time, and the resource stall time contribution ranges from 
15-30%. System A exhibits the smallest TM and TB of all 
the DBMSs in most queries; however, it has the highest 
percentage of resource stalls (20-40% of the execution 
time). This indicates that optimizing for two kinds of 
stalls may shift the bottleneck to the third kind. Research 
on improving DBMS performance should focus on 

minimizing all three kinds of stalls to effectively decrease 
the execution time.  

5.2 Memory stalls 
In order to optimize performance, a major target of 
database research has been to minimize the stall time due 
to memory hierarchy and disk I/O latencies 
[1][12][15][17]. Several techniques for cache-conscious 
data placement have been proposed [3] to reduce cache 
misses and miss penalties. Although these techniques are 
successful within the context in which they were 
proposed, a closer look at the execution time breakdown 
shows that there is significant room for improvement. 
This section discusses the significance of the memory 
stall components to the query execution time, according to 
the framework discussed in Section 3.2. 

Figure 5.2 shows the breakdown of TM into the 
following stall time components: TL1D (L1 D-cache miss 
stalls), TL1I (L1 I-cache miss stalls), TL2D (L2 cache data 
miss stalls), TL2I (L2 cache instruction miss stalls), and 
TITLB (ITLB miss stalls) for each of the four DBMSs. 
There is one graph for each type of query. Each graph 
shows the memory stall time breakdown for the four 
systems. The selectivity for range selections shown is set 
to 10% and the record size is kept constant at 100 bytes. 

From Figure 5.2, it is clear that L1 D-cache stall time 
is insignificant. In reality its contribution is even lower, 
because our measurements for the L1 D-cache stalls do 
not take into account the overlap factor, i.e., they are 
upper bounds. An L1 D-cache miss that hits on the L2 
cache incurs low latency, which can usually be 
overlapped with other computation. Throughout the 
experiments, the L1 D-cache miss rate (number of misses 
divided by the number of memory references) usually is 
around 2%, and never exceeds 4%. A study on Postgres95 
[11] running TPC-D also reports low L1 D-cache miss 
rates. Further analysis indicates that during query 
execution the DBMS accesses private data structures 
more often than it accesses data in the relations. This 
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Figure 5.1: Query execution time breakdown into the four time components. 
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DBMSs on Modern Processors: Where does the time
go?

VLDB 1999

often-accessed portion of data fits into the L1 D-cache, 
and the only misses are due to less often accessed data. 
The L1 D-cache is not a bottleneck for any of the 
commercial DBMSs we evaluated.  

The stall time caused by L2 cache instruction misses 
(TL2I) and ITLB misses (TITLB) is also insignificant in all 
the experiments. TL2I contributes little to the overall 
execution time because the second-level cache misses are 
two to three orders of magnitude less than the first-level 
instruction cache misses. The low TITLB indicates that the 
systems use few instruction pages, and the ITLB is 
enough to store the translations for their addresses. 

The rest of this section discusses the two major 
memory-related stall components, TL2D and TL1I. 

5.2.1 Second-level cache data stalls 

For all of the queries run across the four systems, TL2D 
(the time spent on L2 data stalls) is one of the most 
significant components of the execution time. In three out 
of four DBMSs, the L2 cache data miss rate (number of 
data misses in L2 divided by number of data accesses in 
L2) is typically between 40% and 90%, therefore much 
higher than the L1 D-cache miss rate. The only exception 
is System B, which exhibits optimized data access 
performance at the second cache level as well. In the case 
of the sequential range query, System B exhibits far fewer 
L2 data misses per record than all the other systems (B 
has an L2 data miss rate of only 2%), consequently its 
TL2D is insignificant. 

The stall time due to L2 cache data misses directly 
relates to the position of the accessed data in the records 
and the record size. As the record size increases, TL2D 
increases as well for all four systems (results are not 
shown graphically due to space restrictions). The two 
fields involved in the query, a2 and a3, are always in the 
beginning of each record, and records are stored 
sequentially. For larger record sizes, the fields a2 and a3 
of two subsequent records are located further apart and 
the spatial locality of data in L2 decreases. 

Second-level cache misses are much more expensive 
than the L1 D-cache misses, because the data has to be 
fetched from main memory. Generally, a memory latency 
of 60-70 cycles was observed. As discussed in Section 
3.2, multiple L2 cache misses can overlap with each 
other. Since we measure an upper bound of TL2D (number 
of misses times the main memory latency), this overlap is 
hard to estimate. However, the real TL2D cannot be 
significantly lower than our estimation because memory 
latency, rather than bandwidth, bind the workload (most 
of the time the overall execution uses less than one third 
of the available memory bandwidth). As the gap between 
memory and processor speed increases, one expects data 
access to the L2 cache to become a major bottleneck for 
latency-bound workloads. The size of today’s L2 caches 
has increased to 8 MB, and continues to increase, but 
larger caches usually incur longer latencies. The Pentium 
II Xeon on which the experiments were conducted can 
have an L2 cache up to 2 MB [23] (although the 
experiments were conducted with a 512-KB L2 cache). 

5.2.2 First-level cache instruction stalls 

Stall time due to misses at the first-level instruction cache 
(TL1I) is a major memory stall component for three out of 
four DBMSs. The results in this study reflect the real I-
cache stall time, with no approximations. Although the 
Xeon uses stream buffers for instruction prefetching, L1 I-
misses are still a bottleneck, despite previous results [16] 
that show improvement of TL1I when using stream buffers 
on a shared memory multiprocessor. As explained in 
Section 3.2, TL1I is difficult to overlap, because L1 I-cache 
misses cause a serial bottleneck to the pipeline. The only 
case where TL1I is insignificant (5%) is when System A 
executes the sequential range query. For that query, 
System A retires the lowest number of instructions per 
record of the four systems tested, as shown in Figure 5.3. 
For the other systems TL1I accounts for between 4% and 
40% of the total execution time, depending on the type of 
the query and the DBMS. For all DBMSs, the average 
contribution of TL1I to the execution time is 20%.  

Figure 5.2: Contributions of the five memory components to the memory stall time (TM) 

10% Indexed Range Selection

0%

20%

40%

60%

80%

100%

B C D

L1 D-stalls (bottom) L1 I-stalls L2 D-stalls L2 I-stalls ITLB stalls (top)

10% Sequential Range Selection

0%

20%

40%

60%

80%

100%

A B C D

M
em

or
y 

st
al

l t
im

e

Join

0%

20%

40%

60%

80%

100%

A B C D

Amol Deshpande CMSC724: Modern Hardware



DBMSs on Modern Processors: Where does the time
go?

VLDB 1999

There are some techniques to reduce the I-cache stall 
time [6] and use the L1 I-cache more effectively. 
Unfortunately, the first-level cache size is not expected to 
increase at the same rate as the second-level cache size, 
because large L1 caches are not as fast and may slow 
down the processor clock. Some new processors use a 
larger (64-KB) L1 I-cache that is accessed through 
multiple pipeline stages, but the trade-off between size 
and latency still exists. Consequently, the DBMSs must 
improve spatial locality in the instruction stream. Possible 
techniques include storing together frequently accessed 
instructions while pushing instructions that are not used 
that often, like error-handling routines, to different 
locations.  

An additional, somewhat surprising, observation was 
that increasing data record size increases L1 I-cache 
misses (and, of course, L1 D-cache misses). It is natural 

that larger data records would cause both more L1 and L2 
data misses.  Since the L2 cache is unified, the 
interference from more L2 data misses could cause more 
L2 instruction misses.  But how do larger data records 
cause more L1 instruction misses? On certain machines, 
an explanation would be inclusion (i.e., an L1 cache may 
only contain blocks present in an L2 cache). Inclusion is 
often enforced by making L2 cache replacements force L1 
cache replacements. Thus, increased L2 interference could 
lead to more L1 instruction misses. The Xeon processor, 
however, does not enforce inclusion. Another possible 
explanation is interference of the NT operating system 
[19]. NT interrupts the processor periodically for context 
switching, and upon each interrupt the contents of L1 I-
cache are replaced with operating system code. As the 
DBMS resumes execution, it fetches its instructions back 
into the L1 I-cache. As the record size varies between 20 
and 200 bytes, the execution time per record increases by 
a factor of 2.5 to 4, depending on the DBMS. Therefore, 
larger records incur more operating system interrupts and 
this could explain increased L1 I-cache misses. Finally, a 
third explanation is that larger records incur more 
frequent page boundary crossings. Upon each crossing the 
DBMS executes buffer pool management instructions. 
However, more experiments are needed to test these 
hypotheses.  

5.3 Branch mispredictions 
As was explained in Section 3.2, branch mispredictions 
have serious performance implications, because (a) they 
cause a serial bottleneck in the pipeline and (b) they cause 
instruction cache misses, which in turn incur additional 
stalls. Branch instructions account for 20% of the total 
instructions retired in all of the experiments.  

Even with our simple workload, three out of the four 
DBMSs tested suffer significantly from branch 
misprediction stalls. Branch mispredictions depend upon 
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MonetDB/X100

Discussion from: "MonetDB/X100: Hyper-Pipelining Query
Execution"; CIDR 2005
Detailed experiments comparing where time went in a
relational DBMS
Even simple queries on MySQL: most time is not spent
doing useful work

62% spread over functions dealing with MySQL’s record
representation

MonetDB (old version) suffered from memory bandwidth
limitations
X100: New vectorized query processor
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Volcano iterator model

Discussion from notes by Jens Teubner (ETH)
Data passed from operator to operator using next()
Problems:

Operators tightly interleaved → instruction cache misses
Large function call overhead
Combined state too large to fit into caches (data cache
misses)
Single-tuple functions hard to optimize by compiler

Amol Deshpande CMSC724: Modern Hardware

https://www.systems.ethz.ch/courses/fall2012/DPMH


MonetDB Column-at-a-time processing

Discussion from notes by Jens Teubner (ETH)
Operators consume and produce full columns
Each sub-result fully materialized
No pipelining
Example:

sel-age := people-age.select(30, nil)
sel-id := sel-age.mirror().join(people-age)
tmp := [-] (sel-age, 30)

Advantages:
Tight loops conveniently fit into instruction caches,
Can be optimized ectively by modern compilers,

loop unrolling
vectorization (use of SIMD instructions)

Function calls are now out of the critical code path.
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Function calls are now out of the critical code path.
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MonetDB/X100

Still not ideal
Data may not fit in cache
Problems when intermediate results don’t fit in main
memory

MonetDB aims for a middle ground
Still use iterator model, but pass vectors of tuples around
Large enough that the overheads are amortized
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columns using memory-mapped files. It is optimized for 
the typical situation that the surrogate column is a densely 
ascending numerical identifier (0, 1, 2,…); in which case the 
head array is omitted, and surrogate lookup becomes a fast 
array index read in the tail. In effect, this use of arrays in vir-
tual memory exploits the fast in-hardware address to disk-
block mapping implemented by the memory management 
unit (MMU) in a CPU to provide an O(1) positional database 
lookup mechanism. From a CPU overhead point of view this 
compares favorably to B-tree lookup into slotted pages—the 
approach traditionally used in database systems for “fast” 
record lookup.

The Join and Select operators of the relational alge-
bra take an arbitrary Boolean expression to determine the 
tuples to be joined and selected. The fact that this Boolean 
expression is specified at query time only, means that the 
RDBMS must include some expression interpreter in the criti-
cal runtime code-path of these operators. Traditional data-
base systems implement each relational algebra operator as 
an iterator class with a next() method that returns the next 
tuple; database queries are translated into a pipeline of such 
iterators that call each other. As a recursive series of method 
calls is performed to produce a single tuple, computational 
interpretation overhead is significant. Moreover, the fact 
that the next() method of all iterators in the query plan is 
executed for each tuple, causes a large instruction cache foot-
print, which can lead to strong performance degradation 
due to instruction cache misses.1

In contrast, each BAT algebra operator has zero degrees of 
freedom: it does not take complex expressions as parameter. 
Rather, complex expressions are broken into a sequence of 
BAT algebra operators that perform one simple operation on 
an entire column of values (“bulk processing”). This allows 
the implementation of the BAT algebra to forsake an expres-
sion interpreting engine; rather all BAT algebra operations 
in the implementation map onto simple array operations. 
For instance, the BAT algebra expression 

R:bat[:oid, :oid]:=select(B:bat[:oid,:int], V:int) 

can be implemented at the C code level like:

for (i = j = 0; i <n; i++)
    if (B.tail[i] == V) R.tail[j++] = i;

The BAT algebra operators have the advantage that tight 
for-loops create high instruction locality which eliminates 
the instruction cache miss problem. Such simple loops are 
amenable to compiler optimization (loop pipelining, block-
ing, strength reduction), and CPU out-of-order speculation.

A potential danger of bulk processing is that it material-
izes intermediate results which in some cases may lead to 
excessive RAM consumption. Although RAM sizes increase 
quickly as well, there remain cases that we hit their limit as 
well. In the MonetDB/X100 project3 it was shown how partial 
column-wise execution can be integrated into (nonmaterial-
izing) pipelined query processing.

We can conclude that the MonetDB architecture for realiz-
ing database system functionality is radically different from 
many contemporary product designs, and the reasons for its 
design are motivated by opportunities for better exploiting 
modern hardware features.

4. CACHE-CONSCIOUS JOINS
Among the relational algebra operators, the Join operator, 
which finds all matching pairs between all tuples from 
two relations according to some Boolean predicate, is the 
most expensive operator—its complexity in the general 
case is quadratic in input size. However, for equality join 
predicates, fast (often linear) algorithms are available, 
such as Hash-Join, where the outer relation is scanned 
sequentially and a hash-table is used to probe the inner 
relation.

4.1. Partitioned hash-join
The very nature of the hashing algorithm implies that the 
access pattern to the inner relation (plus hash-table) is ran-
dom. In case the randomly accessed data is too large for the 
CPU caches, each tuple access will cause cache misses and 
performance degrades.

Shatdal et al.19 showed that a main-memory variant of 
Grace Hash-Join, in which both relations are first parti-
tioned on hash-number into H separate clusters, that each 
fit into the L2 memory cache, performs better than normal 
bucket-chained hash-join. However, the clustering opera-
tion itself can become a cache problem: their straightfor-
ward clustering algorithm that simply scans the relation 
to be clustered once and inserts each tuple in one of the 
clusters, creates a random access pattern that writes into 
H separate locations. If H is too large, there are two factors 
that degrade performance. First, if H exceeds the number of 
TLB entriesd each memory reference will become a TLB miss. 
Second, if H exceeds the number of available cache lines (L1 

Figure 2: MonetDB: a BAT algebra machine.
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the page size, multiple clusters will fit into the same page and this effect will 
not occur.
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Cache-conscious algorithms - Selections

Conjunctive selection conditions; Ross; PODS 2001
Need to apply k predicates, and find all tuples that satisfy
all of them

Predicates are: f1, ..., fk
r1[i] = the i ’th attribute of r1.

therefore worth optimizing. This assumption is certainly
true when the selections constitute the entire query. When
the selections form the initial step of a more complex query,
processing the selections may still be a significant (or even
dominant) cost since a selective selection operation will need
to consult many more records than operations applied after
the selection.

We describe three typical contexts in which a set of selection
conditions is applied. In the first context, we simply apply
the conditions to each record in the underlying table. This
approach would be used if indexes are not helpful, either
because we lack the required index, or because the condition
selects such a large proportion of the records that it is not
worth the overhead of using the index.

In the second context, we identify one (or more) of the se-
lection conditions as corresponding to an indexed attribute;
using the index can speed up processing. In the third con-
text, a selection condition is applied to a “dimension” table
referenced by a foreign key in the main “fact” table. Pre-
processing the dimension table can improve efficiency.

As we shall see, each of the contexts has a common structure:
There is a loop that iterates over all (partially matching)
records, and inside the loop is code to (a) test the records
for the remaining conditions, (b) AND the results together,
and (c) add qualifying record-ids to the answer list.

The straightforward way to code the selection operation ap-
plied to all records (context 1) would be the following. The
result is returned in an array called answer. In each algo-
rithm below, we assume that the variable j has been initial-
ized to zero.

/* Basic Algorithm Structure */

for(i=0;i<number_of_records;i++) {

if(f1(r1[i]) AND ... AND fk(rk[i]))

{answer[j++] = i;}

}

Alternatively, suppose that f1 was a condition that could be
evaluated efficiently using an index on r1 (context 2). For
example, f1 might be an equality test, and using an index
on r1 we may be able to obtain an array matches of off-
sets i of records satisfying f1(r1[i]). Then the remaining
conditions can be tested using the following code.

/* Index Algorithm Structure */

for(m=0;m<number_of_matches;m++) {

i=matches[m];

if(f2(r2[i]) AND ... AND fk(rk[i]))

{answer[j++] = i;}

}

Indexes may be combined by intersecting match arrays.

It is common for queries over a fact table in a data ware-
house to place selections on dimension tables (context 3).
Suppose r1 was a foreign key (i.e., offset) to a dimension
table, and that f1 was a selection condition on some col-
umn c of the dimension table. Then f1(r1[i]) could be

written as g1(c[r1[i]]). Since dimension tables are gen-
erally small, it may pay to evaluate g1 on all rows of c in
advance, and store the result in a temporary array t. (This
saves repetitive execution of g1 on duplicate values.) Thus
we could modify the basic algorithm structure to perform
the selection as

/* Preprocess Dimension Table */

for(i=0;i<records_in_c;i++){t[i]=g1(c[i]);}

for(i=0;i<number_of_records;i++) {

if(t[r1[i]] AND ... AND fk(rk[i]))

{answer[j++] = i;}

}

3.2 Implementing the Loop
In the following discussion we’ll use the code from the first
context, i.e., applying the selection conditions to all records
one by one. However, similar principles apply to the other
contexts. Translated into C, the code for the inner loop
might be:

/* Algorithm Branching-And */

for(i=0;i<number_of_records;i++) {

if(f1(r1[i]) && ... && fk(rk[i]))

{answer[j++] = i;}

}

The important point is the use of the C idiom “&&” in place of
the generic “AND”. (See Appendix A for a discussion of how
&& is typically compiled into assembly language containing
conditional branch instructions.) This implementation saves
work when f1 is very selective. When f1(r1[i]) is zero, no
further work (using f2 through fk) is done for record i.
However, the potential problem with this implementation
is that its assembly language equivalent has k conditional
branches. If the initial functions fj are not very selective,
then the system may execute many branches. The closer
each selectivity is to 0.5, the higher the probability that the
corresponding branch will be mispredicted, yielding a signif-
icant branch misprediction penalty. (Recall the discussion of
branch prediction effectiveness in Section 2.) An alternative
implementation uses logical-and (&) in place of &&:

/* Algorithm Logical-And */

for(i=0;i<number_of_records;i++) {

if(f1(r1[i]) & ... & fk(rk[i]))

{answer[j++] = i;}

}

Because the code fragment above uses logical “&” rather
than a branching “&&”, there is only one conditional branch
in the corresponding assembly code instead of k. (Again,
see Appendix A for a discussion of how & is compiled into
assembly language.) We may perform relatively poorly when
f1 is selective, because we always do the work of f1 through
fk. On the other hand, there is only one branch, and so we
expect the branch misprediction penalty to be smaller.

The branch misprediction penalty for that one branch may
still be significant when the combined selectivity is close to
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further work (using f2 through fk) is done for record i.
However, the potential problem with this implementation
is that its assembly language equivalent has k conditional
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/* Algorithm Logical-And */
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}

Because the code fragment above uses logical “&” rather
than a branching “&&”, there is only one conditional branch
in the corresponding assembly code instead of k. (Again,
see Appendix A for a discussion of how & is compiled into
assembly language.) We may perform relatively poorly when
f1 is selective, because we always do the work of f1 through
fk. On the other hand, there is only one branch, and so we
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Figure 1: Three implementations: Pentium.

0.5. The following loop implementation has no branches
within the loop.

/* Algorithm No-Branch */

for(i=0;i<number_of_records;i++) {

answer[j] = i;

j += (f1(r1[i]) & ... & fk(rk[i]));

}

Note that we would not expect an optimizing compiler to
be able to transform one of these plans into another. Most
importantly, such transformations are not valid in the gen-
eral case. For example, in the condition (A && B), A may
check that a pointer is not null, while B dereferences that
pointer. Executing (A && B) makes sense, while executing
(A & B) would cause an error if the pointer was null. While
our assumption about functions does make (A & B) valid
in the case where A and B represent functions fi and fj, it
is not possible to communicate such information to modern
compilers. Further, even if one was to extend the compiler
with such a mechanism, the decision on whether to rewrite
the code depends on database-level metadata, such as con-
dition selectivities, that are not generally available to the
compiler.

To see the difference between these three methods, we im-
plemented them in C and ran them on a 750Mhz Pentium
III under Linux, and a 300Mhz UltraSparc IIi under Solaris.
In the following experiment, we used k = 4 and let all of the
rj arrays be offsets into an array t of chars of size 5000.
Elements of t are either 1 or 0, simulating the preprocess-
ing of conditions on dimension tables. The fj functions are
then lookups in t. We ran several thousand scans over four
arrays of size 3000, using the same t array. That way, both t

and the arrays are in the L1 cache and the experiments will
not reflect delays due to cache misses. (We briefly address
caching issues Appendix D.) The code was compiled with
gcc under maximum optimization, with several register

hints present in the code.

Figure 1 shows the Pentium results. (See Appendix C for
the Sun results.) While both architectures show some de-
pendence on the selectivity, the Pentium results are more
sensitive to the selectivity because the branch mispredic-
tion penalty is higher on that architecture [25]. The time
per record is shown in microseconds on the vertical axis,
measured against the probability that a test succeeds. The
probability is controlled by setting an appropriate threshold
for an element of the t array to be randomly set to 1. All
functions in this graph have the same probability.

Our preliminary analysis of the three implementations is
borne out by this graph. For low selectivities, the branching-
and implementation does best by avoiding work, and the
one branch that is frequently taken can be well-predicted by
the machine. For intermediate selectivities, the logical-and
method does best. However, when the combined selectivity
gets close to 0.5, the performance worsens. The no-branch
algorithm is best for nonselective conditions; it does more
“work” but does not suffer from branch misprediction.

Each of the three implementations is best in some range, and
the performance differences are significant. On other ranges,
each implementation is about twice as bad as optimal. Thus
we will need to consider in more depth how to choose the
“right” implementation for a given set of query parameters.

Looking at the performance numbers, one might wonder why
we care about per-record processing times that are fractions
of a microsecond. The reason we care is that this cost is
multiplied by the number of records, which may be in the
tens or hundreds of millions. When we don’t have an index,
we have no choice but to perform a full scan of the whole
table. Even when we’re scanning fewer records per query,
the overall performance in queries-per-second is directly im-
pacted by these performance numbers. In a dynamic query
environment, for example, we might be aiming for video-rate
screen refresh, and thus require the completion of 30 queries
per second for each user. See Section 5 for another example.

From now on, when we show an implementation, we will
omit the for loop, just showing the code inside the loop.

4. OPTIMIZINGINNERLOOPBRANCHES
Using standard database terminology, we will refer to a par-
ticular implementation of a query as a plan. We now formu-
late our optimization question:

Given a number k, functions f1 through fk,
and a selectivity estimate pm (m = 1, . . . ,k) for
each fm, find the plan that minimizes the ex-
pected computation time.

So far we have seen three ways to write the inner loop. Each
such plan has different performance characteristics. There
are, in fact, many additional plans that can be formed by
combining the three approaches. An example that combines
all three is the following:
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Cache-conscious algorithms - Selections

Conjunctive selection conditions; Ross; PODS 2001
Need to apply k predicates, and find all tuples that satisfy
all of them

Predicates are: f1, ..., fk
r1[i] = the i ’th attribute of r1.

Can’t expect an optimizer to transform the three plans into
each other

Different semantics/results in general
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0.5. The following loop implementation has no branches
within the loop.

/* Algorithm No-Branch */

for(i=0;i<number_of_records;i++) {

answer[j] = i;

j += (f1(r1[i]) & ... & fk(rk[i]));

}

Note that we would not expect an optimizing compiler to
be able to transform one of these plans into another. Most
importantly, such transformations are not valid in the gen-
eral case. For example, in the condition (A && B), A may
check that a pointer is not null, while B dereferences that
pointer. Executing (A && B) makes sense, while executing
(A & B) would cause an error if the pointer was null. While
our assumption about functions does make (A & B) valid
in the case where A and B represent functions fi and fj, it
is not possible to communicate such information to modern
compilers. Further, even if one was to extend the compiler
with such a mechanism, the decision on whether to rewrite
the code depends on database-level metadata, such as con-
dition selectivities, that are not generally available to the
compiler.

To see the difference between these three methods, we im-
plemented them in C and ran them on a 750Mhz Pentium
III under Linux, and a 300Mhz UltraSparc IIi under Solaris.
In the following experiment, we used k = 4 and let all of the
rj arrays be offsets into an array t of chars of size 5000.
Elements of t are either 1 or 0, simulating the preprocess-
ing of conditions on dimension tables. The fj functions are
then lookups in t. We ran several thousand scans over four
arrays of size 3000, using the same t array. That way, both t

and the arrays are in the L1 cache and the experiments will
not reflect delays due to cache misses. (We briefly address
caching issues Appendix D.) The code was compiled with
gcc under maximum optimization, with several register

hints present in the code.

Figure 1 shows the Pentium results. (See Appendix C for
the Sun results.) While both architectures show some de-
pendence on the selectivity, the Pentium results are more
sensitive to the selectivity because the branch mispredic-
tion penalty is higher on that architecture [25]. The time
per record is shown in microseconds on the vertical axis,
measured against the probability that a test succeeds. The
probability is controlled by setting an appropriate threshold
for an element of the t array to be randomly set to 1. All
functions in this graph have the same probability.

Our preliminary analysis of the three implementations is
borne out by this graph. For low selectivities, the branching-
and implementation does best by avoiding work, and the
one branch that is frequently taken can be well-predicted by
the machine. For intermediate selectivities, the logical-and
method does best. However, when the combined selectivity
gets close to 0.5, the performance worsens. The no-branch
algorithm is best for nonselective conditions; it does more
“work” but does not suffer from branch misprediction.

Each of the three implementations is best in some range, and
the performance differences are significant. On other ranges,
each implementation is about twice as bad as optimal. Thus
we will need to consider in more depth how to choose the
“right” implementation for a given set of query parameters.

Looking at the performance numbers, one might wonder why
we care about per-record processing times that are fractions
of a microsecond. The reason we care is that this cost is
multiplied by the number of records, which may be in the
tens or hundreds of millions. When we don’t have an index,
we have no choice but to perform a full scan of the whole
table. Even when we’re scanning fewer records per query,
the overall performance in queries-per-second is directly im-
pacted by these performance numbers. In a dynamic query
environment, for example, we might be aiming for video-rate
screen refresh, and thus require the completion of 30 queries
per second for each user. See Section 5 for another example.

From now on, when we show an implementation, we will
omit the for loop, just showing the code inside the loop.

4. OPTIMIZINGINNERLOOPBRANCHES
Using standard database terminology, we will refer to a par-
ticular implementation of a query as a plan. We now formu-
late our optimization question:

Given a number k, functions f1 through fk,
and a selectivity estimate pm (m = 1, . . . ,k) for
each fm, find the plan that minimizes the ex-
pected computation time.

So far we have seen three ways to write the inner loop. Each
such plan has different performance characteristics. There
are, in fact, many additional plans that can be formed by
combining the three approaches. An example that combines
all three is the following:
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Cache-conscious algorithms - Selections

Conjunctive selection conditions; Ross; PODS 2001
Mixing the plans superior in many cases

/* A Mixed Algorithm (loop code omitted) */

if((f1(r1[i]) & f2(r2[i])) && f3(r3[i]))

{ answer[j] = i;

j += (f4(r4[i]) & ... & fk(rk[i]));

}

Significantly, several of these combination plans turn out to
be superior to the three basic methods shown in Figure 1
over some selectivity ranges.

We will focus on finding a plan, consisting of some combina-
tion of the three methods presented above, giving the best
expected time. We remark that there are other methods
besides the three we have chosen for evaluating the inner
loop. For example, one could add the function values rather
than ANDing them, and compare with k at the end. (This
alternative method might be useful in a hypothetical archi-
tecture in which an addition operation was faster than a
logical AND.) Nevertheless, we expect that on realistic ar-
chitectures, the three basic methods are among the most
efficient.

4.1 A Normal Form for Combined Plans
For now, let us just consider plans involving a combination of
the “branching-and” and the “logical-and” algorithms. We
formulate how these two algorithms can be mixed, and con-
sider when certain combinations are never optimal. Based
on this notion, we derive a normal form for potentially op-
timal plans, and enumerate them.

A first glance at the two algorithms might suggest that all we
need to do is consider all expressions within the if condition
that can be formed out of the two kinds of “and” operation.
However, this is clearly too many because & is commutative,2

and both & and && are associative. Additionally, if we are
only interested in finding at least one optimal plan, we need
only consider expressions in which all “outer” conjunctions
are via && and the conjuncts are terms involving only &.

To justify this assertion, consider the expression E given by
E0 && (E1 & (E2 && E3)) for arbitrary expressions E0, E1,
E2 and E3. (We allow E0 to be empty, in which case there is
no outer &&.) Consider the alternative expression E’ given
by E0 && E2 && (E1 & E3). We claim E’ is always more
efficient than E on a non-parallel machine. In both cases the
expression E0 is evaluated. If E0 is false, the performance
is equivalent. If E0 is true, then E2 is evaluated in both
E and E’. If E2 is true, then both plans are again equiva-
lent in terms of performance, since both E1 and E3 will be
evaluated, and the same number of operations will be per-
formed. However, if E2 is false, then E’ is superior to E

because (a) it does not evaluate E1 and (b) it avoids one &

operation. By repeatedly applying the transformation from
E to E’ whenever we have a subexpression matching E, we
essentially “pull up” all instances of && to the top level. Each
such transformation does not harm the performance, and in
many cases improves it.

2We mean commutative in terms of performance rather than
in terms of logic. Both arguments of & are evaluated and
ANDed together; the order of evaluation does not affect the
overall performance. Similarly, when we talk about associa-
tivity, we mean in terms of performance.

The order of the inner conjunctions (via &) does not matter,
due to commutativity, and the parenthesization of the outer
conjunctions (via &&) does not matter, due to associativity.
We thus consider the inner conjuncts as sets of basic expres-
sions, and the outer conjunction as being parenthesized from
left to right. As outlined above, there must be an optimal
plan in this normal form.

Definition 4.1. A single-function condition is called a
basic term. A conjunction via & of basic terms is called
an &-term. A conjunction via && of &-terms is called an
expression. !

Let tm,n denote the number of normal-form plans over n ba-
sic terms, with exactly m occurrences of &&. Then t0,n = 1
for all n. For the inductive case, consider prepending (via
&&) an additional &-term to an expression with m occur-
rences of &&. Then

tm+1,n =

n−1∑

i=1

(
n

i

)

tm,n−i.

We are actually interested in an, the number of plans, given
by an = Σn

k=0tk,n. Then a0 = 1 and for n > 1 one can
rearrange the above recurrence to get:

an =
n∑

j=1

(
n

j

)

an−j .

This recurrence has been well-studied, as early as 1859 [4];
see [21] for further references. One representation of the so-
lution [24] is that an is the closest integer to n!/(2 lnn+1(2)).

Algorithm No-Branch can be thought of as a potential opti-
mization to remove the final if test of a combined method.
There is thus just one way to apply the optimization: to
replace

if(E1 && ... && Ek)

{answer[j++] = i;}

with

if(E1 && ... && Ek-1)

{ answer[j] = i; j += Ek;}

where the Ei terms are &-terms. Thus we should consider
plans both with and without this optimization; the total
number of potentially optimal plans is now 2an.

4.2 Cost Functions
To compare the cost of the various plans, we need a cost
model. The basic parameters of the model are: r, the cost
of accessing an array element rj[i] in order to perform
operations on it; t, the cost of performing an if test; l, the
cost of performing a logical “and”; m, the cost of a branch
misprediction; pi, the selectivity of basic term i equal to
the probability that basic term number i is 1; a, the cost of
writing an answer to the answer array and incrementing the
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Cache-conscious algorithms - Hash Joins

Discussion from: "Breaking the Memory Wall in MonetDB";
CACM 2008
First idea: Make each partition fit into a cache line, say a
total of H clusters
Problem: The partitioning itself creates a huge random
access pattern
Radix cluster:

A multi-pass algorithm to do the partitioning into H clusters
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or L2), cache thrashing occurs, causing the number of cache 
misses to explode.

4.2. Radix-cluster
Our Radix-Cluster algorithm2 divides a relation U into H clus-
ters using multiple passes (see Figure 3). Radix-clustering 
on the lower B bits of the integer hash-value of a column is 
achieved in P sequential passes, in which each pass clusters 
tuples on Bp bits, starting with the leftmost bits (

p

1 Bp = B). 
The number of clusters created by the Radix-Cluster is H = 

1
P Hp, where each pass subdivides each cluster into Hp = 2Bp 

new ones. When the algorithm starts, the entire relation is 
considered one single cluster, and is subdivided into H1 = 2B1 
clusters. The next pass takes these clusters and subdivides 
each into H2 = 2B2 new ones, yielding H1 * H2 clusters in total, 
etc. With P = 1, Radix-Cluster behaves like the straightfor-
ward algorithm.

The crucial property of the Radix-Cluster is that the num-
ber of randomly accessed regions Hx can be kept low; while 
still a high overall number of H clusters can be achieved 
using multiple passes. More specifically, if we keep Hx = 2Bx 
smaller than the number of cache lines and the number of 
TLB entries, we completely avoid both TLB and cache thrash-
ing. After Radix-Clustering a column on B bits, all tuples that 
have the same B lowest bits in its column hash-value, appear 
consecutively in the relation, typically forming clusters of 
|U|/2B tuples (with |U| denoting the cardinality of the entire 
relation).

Figure 3 sketches a Partitioned Hash-Join of two integer-
based relations L and R that uses two-pass Radix-Cluster to 
create eight clusters—the corresponding clusters are sub-
sequently joined with Hash-Join. The first pass uses the two 
leftmost of the lower three bits to create four partitions. In 
the second pass, each of these partitions is subdivided into 
two partitions using the remaining bit.

For ease of presentation, we did not apply a hash-function 
in Figure 3. In practice, though, a hash-function should even 
be used on integer values to ensure that all bits of the join attri-
bute play a role in the lower B bits used for clustering. Note 
that our surrogate numbers (oids) that stem from a dense 
integer domain starting at 0 have the property that the lower-
most bits are the only relevant bits. Therefore, hashing is not 
required for such columns, and additionally, a Radix-Cluster 
on all log(N) relevant bits (where N is the maximum oid from 
the used domain) equals the well-known radix-sort algorithm.
Experiments. Figure 4 show experimental results for a Radix-
Cluster powered Partitioned Hash-Join between two mem-
ory resident tables of 8 million tuples on an Athlon PC (see 
Manegold13). We used CPU counters to get a breakdown of cost 
between pure CPU work, TLB, L1, and L2 misses. The vertical 
axis shows time, while the horizontal axis varies the number 
of radix-bits B used for clustering (thus it is logarithmic scale 
with respect to the number of clusters H). Figure 4(a) shows 
that if a normal Hash-Join is used (B = 0), running time is more 

Figure 3: Partitioned hash-join (H = 8 ¤ B = 3).
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Figure 4: Execution time breakdown of individual join phases and overall join performance.
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Cache-conscious algorithms - Prefetching in Hash
Joins

Improving Hash Join Performance through Prefetching;
TODS 2007
Standard hash joins spend 80% time stalled on CPU
cache misses
Try to use "pre-fetching" to hide the cache misses

Most standard algorithms rely on identifying predictable
patterns
Hash joins don’t generate predictable patterns, but we
know the pattern
So optimizing at the algorithm level helps
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PAX

Focus on cache misses and storage layout within a page
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PAX

1237 RH1 PAGE HEADER 

30 Jane RH2 4322 John 

45 RH3 Jim 20 

• • • 

RH4 

7658 Susan 52 

• 

1563 
RID SSN Name Age 

1 1237 Jane 30 

2 4322 John 45 

3 1563 Jim 20 

4 7658 Susan 52 

5 2534 Leon 43 

6 8791 Dan 37 

R 

  Records are stored sequentially 
  Offsets to start of each record at end of page 

Formal name: NSM (N-ary Storage Model) 

Current Scheme: Slotted Pages 
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PAX

CACHE 

MAIN MEMORY 

1237 RH1 PAGE HEADER 

30 Jane RH2 4322 John 

45 RH3 Jim 20 

• • • 

RH4 

7658 52 

• 

1563 

block 1 30 Jane RH 

52 2534 Leon block 4 

Jim 20 RH4 block 3 

45 RH3 1563 block 2 

select name 
from  R 
where age > 50 

NSM pushes non-referenced data to the cache 

2534 Leon Susan 

Predicate Evaluation using NSM 
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PAX

1237 RH1 PAGE HEADER 

30 Jane RH2 4322 John 

45 

1563 

RH3 Jim 20 

• • • 

RH4 

7658 Susan 52 

• 

PAGE HEADER 1237 4322 

1563 

7658 

Jane John Jim Susan 

30 45 20 52 

• • • • 

NSM PAGE PAX PAGE 

Partition data within the page for spatial locality 

Partition Attributes Across (PAX) 
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PAX

FIXED-LENGTH VALUES! VARIABLE-LENGTH VALUES!HEADER!

offsets to variable-!
length fields!

null bitmap,!
record length, etc!

NSM: All fields of record stored together + slots 

A Real NSM Record 
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PAX

pid 3 2 4 v 4 

4322 1237 

Jane John 

• 

1 1 

30 45 

1 1 

f } }Page Header 

attribute sizes 

free space # records 

# attributes 

F - Minipage 

presence bits 

presence bits 

v-offsets 

}
}

F - Minipage 

V - Minipage 

PAX: Detailed Design 

PAX: Group fields + amortizes record headers 
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Multi-core

Trend towards adding many cores on a single chip
Not really possible to increase the performace of a single
CPU much more

Typical today: many CPUs (multi-socket), each many-core
Often end up with a NUMA architecture

Cores share L2, L3 caches
Can lead to cache pollution, contention

Programming can be headache
New bottlenecks not seen in previous CPUs with few cores
Transactions are more problematic than read-only queries

Database operations are highly parallelizable so having
enough work to do not a problem
But still need to be careful about NUMA architecture
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Multi-core

Discussion from: "Shore-MT: A scalable storage manager
for the multicore era"; Johnson et al.; 2009
Scalability experiments on 4 systems

No contention (each client creates a private table and
inserts into it)

Shore-MT: A Scalable Storage Manager for the Multicore Era
Ryan Johnson,12 Ippokratis Pandis,1 Nikos Hardavellas,1 Anastasia Ailamaki,12 and Babak Falsafi2

1Carnegie Mellon University, USA 2École Polytechnique Fédérale de Lausanne, Switzerland

ABSTRACT
Database storage managers have long been able to efficiently
handle multiple concurrent requests. Until recently, however, a
computer contained only a few single-core CPUs, and therefore
only a few transactions could simultaneously access the storage
manager's internal structures. This allowed storage managers to
use non-scalable approaches without any penalty. With the arrival
of multicore chips, however, this situation is rapidly changing.
More and more threads can run in parallel, stressing the internal
scalability of the storage manager. Systems optimized for high
performance at a limited number of cores are not assured simi-
larly high performance at a higher core count, because unantici-
pated scalability obstacles arise.

We benchmark four popular open-source storage managers
(Shore, BerkeleyDB, MySQL, and PostgreSQL) on a modern
multicore machine, and find that they all suffer in terms of scal-
ability. We briefly examine the bottlenecks in the various storage
engines. We then present Shore-MT, a multithreaded and highly
scalable version of Shore which we developed by identifying and
successively removing internal bottlenecks. When compared to
other DBMS, Shore-MT exhibits superior scalability and 2-4
times higher absolute throughput than its peers. We also show
that designers should favor scalability to single-thread perfor-
mance, and highlight important principles for writing scalable
storage engines, illustrated with real examples from the develop-
ment of Shore-MT. 

1. INTRODUCTION
Most database storage manager designs date back to the 1980's,
when disk I/O was the predominant bottleneck. Machines typi-
cally featured 1-8 processors (up to 64 at the very high end) and
limited RAM. Single-thread speed, minimal RAM footprint, and
I/O subsystem efficiency determined overall performance of a
storage manager. Efficiently multiplexing concurrent transactions
to hide disk latency was the key to high throughput. Research
focused on efficient buffer pool management, fine-grain concur-
rency control, and sophisticated caching and logging schemes. 

Today's database systems face a different environment. Main
memories are in the order of several tens of gigabytes, and play
the role of disk for many applications whose working set fits in
memory [15]. Modern CPU designs all feature multiple proces-
sor cores per chip, often with each core providing some flavor of
hardware multithreading. For the forseeable future we can expect

single-thread performance to remain the same or increase slowly
while the number of available hardware contexts grows exponen-
tially. Though shared-nothing query processing is very effective,
distributed transactions do not scale well and have not seen wide-
spread adoption [18][11]. As a result, the storage manager for a
transaction engine must be able to utilize the dozens of hardware
contexts that will soon be available to it. However, the internal
scalability of storage managers has not been tested under such
rigorous demands before.

1.1 How do existing storage managers scale?
To determine how well existing storage managers scale, we
experiment with four popular open-source storage managers:
Shore [7], BerkeleyDB [1], MySQL [2], and PostgreSQL [30].
The latter three engines are all widely deployed in commercial
systems. We ran our experiments on a Sun T2000 (Niagara)
server, which features eight cores and four hardware thread con-
texts per core for a total of 32 OS-visible “processors.” 

Our first experiment consists of a microbenchmark where each
client in the system creates a private table and repeatedly inserts
records into it (see Section 3 for details). This setup ensures there
is no contention for database locks or latches, and that there is no
I/O on the critical path. Figure 1, shows the results of executing
this microbenchmark on each of the four storage managers. The
number of concurrent threads varies along the x-axis with the cor-
responding throughput for each engine on the y-axis. As the num-
ber of concurrent threads grows from 1 to 32, throughput in a
perfectly scalable system should increase linearly. However, none
of the four systems scales well, and their behavior varies from
arriving at a plateau (PostgreSQL and Shore) to a significant drop
in throughput (BerkeleyDB and MySQL). These results suggest
that, with core counts doubling every two years, none of these
systems is ready for the multicore era.

In retrospect these results are understandable because, when the
engines were developed, internal scalability was not a bottleneck

Permission to copy without fee all or part of this material is granted pro-
vided that the copies are not made or distributed for direct commercial
advantage, the ACM copyright notice and the title of the publication and its
date appear, and notice is given that copying is by permission of the ACM.
To copy otherwise, or to republish, to post on servers or to redistribute to
lists, requires a fee and/or special permissions from the publisher, ACM.
EDBT'09, March 24-26, 2009, Saint Petersburg, Russia.
Copyright 2009 ACM 978-1-60558-422-5/09/0003 ...$5.00.

Figure 1.Scalability as a function of available hardware contexts
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Principles for scalable storage managers
Efficient synchronization primitives needed
Shorten or remove critical sections
Eliminate hot-spots, even read-only
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GPUs

Discussion from notes by Jens Teubner (ETH)
GPUs have increasingly become general-purpose
Programmability has increased dramatically

Originally: hard-coded fix-function pipeline
Today: C-like languages (e.g., CUDA, OpenCL)

An early paper (SIGMOD 2004; Govindaraju et al.)
Use "stencils" (ability to render only parts of a screen) to
evaluate Boolean predicates

Amol Deshpande CMSC724: Modern Hardware
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GPUs

Discussion from notes by Jens Teubner (ETH)
Issues:

No direct access to GPU buffers from CPU
Data movement from host to GPU expensive
Limited memory on GPU
Programming often convoluted
Limited support for data types

Many of these are addressed by now

Amol Deshpande CMSC724: Modern Hardware
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GPUs

Discussion from notes by Jens Teubner (ETH)
GPUs provide data parallelism

Lightweight threads
10,000 of threads of 100s of cores
All threads run the same code (SIMD-like)

How to use GPUs?
Must combine CPUs and GPUs
CPUs copy data into GPU buffers
Invoke compute functions on GPUs

Amol Deshpande CMSC724: Modern Hardware
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Sorting with GPUs

Current GPUs have 10x higher main memory bandwidth
and high data parallelism
Sorting

Key problem, and served as a benchmark for many years
Originally Sort Benchmark, then MinuteSort, PennySort,
JouleSort (how much per Joule of energy used)

External sorting
Distributed-based: disjointly partition input file by sort
attribute, sort each partition separately
Merge-based: create sorted runs from contiguous chunks,
do a merge
In either case, need about √ memory (in blocks) to sort a
large file in two passes

Can sort a terabyte file in few GBs of RAM

Issues with CPU
Cache misses, compute intensive
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GPUs

Designed to execute geometric transformations on
rectangular pixel array
Capabilities

Data parallelism
96 comparisons per clock cycles (NVIDIA 7800 GTX)

Instruction parallelism
7800 GTX has 313 GFLOPS

Dedicated memory interface
Much higher peak bandwidths

Low memory latencies
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GPUTeraSort: Flow Diagram

Use both CPUs and GPUs for different things

Disks

…
RAM

RAMCPU

RAM GPU Video
RAM

RAMCPU

DMA
Disks

…

High Bandwidth
(40GBPS)

Reader

Key-Pointer Gen.

Sorter

Reorder

Writer

Figure 3: Flow Diagram of Phase 1 of GPUTeraSort
Architecture using GPUs and CPUs.

striping the input file across all disks so the data is
transferred from all disks in parallel. The I/O band-
width and the CPU usage of the reader depend on
the number of overlapping asynchronous I/O requests,
the stripe size, and the number of disks in the stripe.
The reader thread requires less than 10% of a CPU to
achieve near-peak I/O performance.

• Key-Generator: The Key-Generator computes the
(key, record-pointer) pairs from the input buffer. In
practice, this stage is not computationally intensive
but can be memory-intensive, reading each key from
main memory. It sequentially writes a stream of key-
pointer pairs to main memory.

• Sorter: The Sorter reads and sorts the key-pointer
pairs. This stage is computationally intensive and
memory-intensive on large buffers with wide keys (e.g.
of size 10 bytes or more). For example, the through-
put of an SSE-optimized CPU-based quicksort on a 3.4
GHz Pentium IV sorting 1 million floating point keys
is much less than the throughput of the other external
memory sorting stages and is the bottleneck. This is
shown by Figure 11 and by the quicksort performance
in Figure 8.

• Reorder: The reorder stage rearranges the input buffer
based on the sorted key-pointer pairs to generate a
sorted output buffer (a run). On large databases, re-
order is expensive because it randomly reads and writes
long records from the input buffer and so has many
memory stalls (Figure 11).

• Writer: The writer asynchronously writes the run to
the disk. Striping a run across many disks is not effi-
cient for Phase 2 reads[42]; therefore GPUTerasStort
cyclically writes the Phase 1 runs to individual disks
in very large transfers. The writer thread requires less
than 10% of the CPU to achieve near-peak I/O per-
formance.

Figure 3 shows GPUTeraSort’s pipeline flow. In order to
efficiently pipeline these stages, GPUTeraSort uses a GPU

as a co-processor to perform the key-pointer sorter task. The
new sorting architecture

• Performs the key-pointer sorting on the GPU and frees
CPU cycles to achieve higher I/O performance and
throughput.

• Reduces the memory contention by using the dedicated
GPU memory for sorting.

4. LARGE SORTS USING GPUS
This section describes GPUTeraSort’s sorting algorithm

to sort wide keys and pointers on GPUs using a novel data
representation. The algorithm improves cache efficiency and
minimizes data transfer overheads between the CPU and
GPU. A theoretical and experimental analysis of GPUTera-
Sort’s data transfer rate and memory bandwidth require-
ments compares the performance with prior algorithms.

4.1 Bitonic Sorting on GPUs
GPU-based algorithms perform computations on 2D ar-

rays of 32-bit floating point data values known as textures.
Each array element corresponds to a pixel. Pixels are trans-
formed by programmable fragment processors, each execut-
ing the same fragment program on each pixel. the multiple
GPU fragment processors perform data parallel computa-
tions on different pixel arrays simultaneously. This sim-
ple data-parallel architecture avoids write-after-read haz-
ards while performing parallel computations.

At high-level GPU-based sorting algorithms read values
from an input array or texture, perform data-independent
comparisons using a fragment program, and write the out-
put to another array. The output array is then swapped
with the input array, and the comparisons are iteratively
performed until the whole array is sorted. These sorting
network algorithms map well to GPUs.

The bitonic sorting network [10] sorts bitonic sequences
in multiple merge steps. A bitonic sequence is a monotonic
ascending or descending sequence.

Given an input array a = (a0, a1, . . . , an), the bitonic
sorting algorithm proceeds bottom-up, merging bitonic se-
quences of equal sizes at each stage. It first constructs
bitonic sequences of size 2 by merging pairs of adjacent
data elements (a2i, a2i+1) where i = 0, 1, . . . , n

2
− 1. Then

bitonic sequences of size 4 are formed in stage 2 by merging
pairs of bitonic sequences (a2i, a2i+1) and (a2i+2, a2i+3), i =
0, 1, . . . , n

2
− 2. The output of each stage is the input to the

next stage. The size of the bitonic sequence pairs doubles
at every stage. The final stage forms a sorted sequence by
merging bitonic sequences (a0, a1, ., a n

2
), (a n

2
+1, a n

2
+2, . . . , an)

(see Figure 4).
Specifically, stage k is used to merge two bitonic sequences,

each of size 2k−1 and generates a new bitonic sequence of
length 2k. The overall algorithm requires logn stages. In
stage k, we perform k steps in the order k to 1. In each
step, the input array is conceptually divided into chunks of
equal sizes (size d = 2j−1 for step j) and each elements in
one chunk is compared against the corresponding element
in its adjacent chunks i.e., an element ai in a chunk is com-
pared with the element at distance d (ai+d or ai−d). The
minimum is stored in one data chunk and the maximum is
stored in the other data chunk. Figure 4 shows a bitonic
sorting network on 8 data values. Each data chunk in a
step is color coded and elements in adjacent data chunks
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GPUTeraSort
Uses Bitonic sort

Highly parallel sorting algorithm
Standard algorithms like quicksort not a good fit because of
dependencies

With bitonic sort, the same operations are executed
independent of the data
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Figure 4: This figure illustrates a bitonic sorting
network on 8 data values. The sorting algorithm
proceeds in 3 stages. The output of each stage is
the input to the next stage. In each stage, the ar-
ray is conceptually divided into sorted data chunks
or regions highlighted in green and red. Elements
of adjacent chunks are merged as indicated by ar-
rows. The minimum element is moved to the green
region and the maximum is stored in the red colored
regions producing larger sorted chunk.

are compared. The minimum is stored in the green colored
region and the maximum is stored in the red colored region.
For further details on the bitonic sorting algorithm refer to
[13].

In a GPU, each bitonic sort step corresponds to map-
ping values from one chunk in the input texture to another
chunk in the input texture using the GPU’s texture map-
ping hardware as shown in Figure 5. The texture mapping
hardware fetches data values at a fixed distance from the
current pixel and compares against the current pixel value
and may replace the value based on the comparison. The
texturing hardware works as follows. First, a 2D array is
specified to fetch the data values. Then, a 2D quadrilateral
is specified with lookup co-ordinates for vertices. For every
pixel in the 2D quadrilateral, the texturing hardware per-
forms a bilinear interpolation of the lookup co-ordinates of
the vertices. The interpolated coordinate is used to perform
a 2D array lookup by the fragment processor. This results
in the larger and smaller values being written to the higher
and lower target pixels. The left Figure 5 illustrates the
use of texture mapping for sorting. In this example, 1-D
lines are specified for data chunks with appropriate lookup
co-ordinates. For example, the first line segment (0, 1) is
specified with the vertex lookup co-ordinates (2, 3). Then,
the texture mapping hardware is used to directly fetch val-
ues a2, a3 and compare them against a0 and a1 respectively
within the fragment processor.

As GPUs are primarily optimized for 2D arrays, we map
the 1D array onto a 2D array as shown in Figure 5. The re-
sulting data chunks are 2D data chunks that are either row-
aligned (as shown in the right side of Figure 5) or column-
aligned. The resulting algorithm maps well to GPUs. The
pseudo-code for the algorithm is shown in Routine 4.1.
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Figure 5: The left figure shows the 1-D mapping
of comparisons among array elements in step 2 and
stage 3 of Figure 4. The mapping is implemented us-
ing GPU texturing hardware. For each data chunk,
we pass the element indices (or vertex locations of a
1-D line) of the corresponding data chunk for com-
parisons. The texturing hardware fetches the data
values at the corresponding locations for each pixel,
and a single-instruction fragment program computes
the minimum or maximum in parallel on multiple
pixels simultaneously using the fragment processors.
The right figure shows the 2D-representation of the
1-D array of size 8 shown in Figure 4. In this ex-
ample, the width of the 2D array is 2 and height
is 4. Observe that the data chunks now correspond
to row-aligned quads and the sorting network maps
well to the GPU 2D texturing hardware.

4.2 Improved Algorithm
GPUTeraSort uses an efficient data representation on GPUs

to sort key-pointer pairs. Current GPUs support 32-bit
floating point numbers. GPUTeraSort represents the bytes
of the keys as 32-bit floating point 2D arrays (or textures).
Each element in the texture is associated with four color
channels - red, blue, green and alpha. Given a texture of
width W and height H, there are two possible representa-
tions for designing a data-parallel bitonic sorting algorithm:

• Single-array representation: Each texture is rep-
resented as a stretched 2D array and each texel in the
array is replaced with its four channels. Therefore, a
texture of width W and height H can be represented
as a stretched 2D array of width 4W and height H.

• Four-array representation: In this representation,
each texture is composed of four subarrays and each
subarray corresponds to a single channel. Therefore, a
texture of width W and height H can be represented
using four independent arrays of width W and H.
These four arrays can be sorted simultaneously using
SIMD instructions [20]. Finally, a merge operation is
performed to generate the sorted array of key-pointers.

In each of these representations, the keys and the point-
ers associated with the keys are stored in two separate tex-
tures: a key texture and a pointer texture. The single-array

Shows huge benefits over CPU sorting
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