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ABSTRACT
The architectural changes introduced with multi-core CPUs
have triggered a redesign of main-memory join algorithms.
In the last few years, two diverging views have appeared.
One approach advocates careful tailoring of the algorithm
to the parameters of the architecture (cache sizes, TLB,
and memory bandwidth). The other approach argues that
modern hardware is good enough at hiding cache and TLB
miss latencies and, consequently, the careful tailoring can be
omitted without sacrificing performance.

In this paper we resolve this conflict through an extensive
experimental analysis of the design space using different al-
gorithms and architectures. We have taken the algorithms
presented in previous work and reimplemented them so that
their results are comparable. We have run these optimized
algorithms on the same datasets and compared their per-
formance results. Our results are conclusive: hardware still
matters. Join algorithms that take into consideration the
architectural constraints perform far better than counter-
parts which rely on the hardware to hide the overhead of
cache misses. In the paper, we explore a broader set of car-
dinalities and data distributions than in the original papers
and show that these parameters also play a significant role
in the overall performance.

1. INTRODUCTION
Modern processors provide parallelism at various levels:

instruction parallelism via super scalar execution; data-level
parallelism by extended support for single instruction over
multiple data (i.e. SIMD, 128-bits; AVX, 256-bits); and
thread-level parallelism through multiple cores and simulta-
neous multi-threading (SMT). Such changes are triggering
a profound redesign of the algorithms used for performing
joins in main memory. From these efforts, two opposing
views have emerged regarding how to deal with the chang-
ing hardware landscape.

On the one hand, it has been argued that efficient, main
memory parallel joins should be hardware-conscious: the

best performance can only be achieved by fine tuning the
algorithm to the specifics of the underlying architecture. In
itself not a new claim [15, 12, 7], the argument is that in
the context of multi-core architectures tuning is even more
necessary [10]. Based on this premise, Kim et al. [10] have
presented an algorithm that can process 100 million tuples
per second.

On the other hand, some recent results have shown that
join algorithms can be made efficient while remaining hard-
ware-oblivious [3]. That is, there is no need for tuning—
particularly of the partition phase of a join where data is
carefully arranged to fit into the corresponding caches—
because modern hardware hides the performance loss in-
herent to the multi-layer memory hierarchy. In addition, so
the argument goes, fine tuning of the algorithms to specific
hardware makes them less portable and less robust to, e.g.,
data skew. On this premise, Blanas et al. [3] have proposed
a simple no partitioning join algorithm with performance
comparable or even superior to that of the carefully tuned
algorithm of Kim et al. [10].

Such an obvious contradiction needs to be resolved be-
cause it has far reaching consequences for data operator im-
plementations over multi-core hardware. In this paper, we,
therefore, address the question of whether hardware con-
sciousness still matters when implementing parallel, main-
memory hash joins on multi-core machines. Resolving the
conflict between these results is a complex task because the
experimental settings used in the original papers are not
compatible: the algorithms use different implementations;
the underlying hardware varies; the data used in the exper-
iments differs in structure, size, and organization; and the
relative and absolute sizes of the tables being joined also
vary substantially. These differences have also been pointed
out by Blanas et al. [3], who have published an addendum
to their work arguing the validity of the arguments in favor
of hardware-oblivious algorithms in spite of these differences
[5].

The methodological approach followed in this paper is
as follows. First, we analyze the hardware-conscious and
hardware-oblivious algorithms proposed in the literature and
describe several important optimizations leading to new al-
gorithms that implement the same ideas but are more effi-
cient (in some cases, significantly more efficient — an impor-
tant aspect since they are later used as baselines). Second,
we analyze each class of algorithms and put the existing
results in context, validating the new algorithms to ensure
they remain faithful to the original idea, and providing in-
sights on what are the relevant design parameters. Finally,
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using the optimized versions of the algorithms, we compare
the performance of the hardware-conscious and hardware-
oblivious approaches under a wide range of settings (hard-
ware, data sizes, table sizes, skew).

The results demonstrate that hardware still matters and
carefully tuning of the algorithm parameters to the underly-
ing hardware characteristics leads to far better performance
than relying on the hardware to hide cache misses. The re-
sults also explain the source of the conflicting conclusions in
the current literature, which are more due to differences in
data layout, format, table sizes, and degrees of optimization
than to intrinsic properties of the algorithms. In doing this,
the paper resolves an important question affecting the imple-
mentation of high performance parallel data operators and,
through the optimized algorithms1, provides key insights on
the relevant design parameters determining the performance
of main memory joins over multi-core hardware.

2. BACKGROUND
Hardware-conscious, main-memory hash join implemen-

tations build upon the findings of Shatdal et al. [15] and
Manegold et al. [12, 7]. The focus on this work was to tune
main-memory access by using caches more efficiently, which
had been shown to impact query performance [2]. The key
idea in this early work is adding a partitioning phase to the
canonical hash join algorithm, which would normally con-
sist of hash table build and probe phases. Shatdal et al. [15]
identify that when the hash table is larger than the cache
size, every access to the hash table results in a cache miss.
Consequently, they partition the hash table into cache-sized
chunks to reduce cache misses and improve the join perfor-
mance.

Manegold et al. [12] refined this idea to consider also the
effects of translation look-aside buffers (TLBs) during the
partitioning phase. This lead to the idea of multi-pass parti-
tioning, an approach that has become known in conjunction
with radix join.

The advent of the modern multi-core CPUs renewed inter-
est in parallel implementation of hash join algorithms par-
ticularly addressing this architecture and tuned for memory
access. Under this constraint, Kim et al. [10] proposed
a parallel version of the radix-join algorithm which is fur-
ther optimized for the SIMD instructions and prefetching
provided by modern processors. The algorithm applies the
multi-pass partitioning idea of radix join but using multiple
threads.

The hardware-oblivious camp argues differently. The ar-
gument is that the partitioning phase, which requires multi-
ple passes over the data, can be omitted when the algorithm
relies on modern processor features to hide cache latencies.
In particular, simultaneous multi-threading (SMT) can hide
cache miss latencies by running other threads while the first
is waiting for memory.

Blanas et al. [3] follow this idea and introduce a very
simple and parameter-free hash join algorithm without the
partitioning phase. In the build phase of the multi-threaded
implementation, every thread works on a region of the rela-
tion and populates a shared hash table where accesses are
protected via latches. Similarly, in the probe phase, all the
threads work on regions of the relation and probe the same

1Upon publication, all algorithms and experimental data
will be made publicly available.

hash table. By eliminating the costly partitioning phase, the
hash join becomes simpler and parameter-free, yet achieves a
performance comparable or better to that of cache-conscious
alternatives.

The points of disagreement between the two camps that
we address on in this paper can be summarized as follows:

Cache-Consciousness. Various studies have demonstrated
the impact of caches on query performance [2, 7, 12]. Hard-
ware-conscious algorithms, therefore, focus on optimizing
their caching behavior. In particular, partitioning-based
join algorithms focus on creating partitions that would fit
into the caches to minimize cache misses and the resulting la-
tencies. Hardware-oblivious proponents, on the other hand,
argue that modern CPUs are very effective in hiding cache
miss latencies via SMT. Consequently, they eliminate the
partitioning step, and show that comparable or even better
performance can be achieved.

Synchronization. Hardware-conscious main-memory join al-
gorithms, based on partitioning, tend to be more complex
and run in several phases where threads must synchronize
between phases using barrier synchronization primitives. Pro-
ponents of hardware-oblivious algorithms claim that reduc-
ing (or eliminating) the cost of synchronization is more im-
portant than reducing (or eliminating) cache misses. Fur-
thermore, they claim that algorithms that do not require
synchronization are simpler, and potentially faster. While
simplicity of algorithms is obvious, the efficiency argument
is not entirely intuitive, since hardware-oblivious algorithms
use a shared hash table that is accessed by all threads con-
currently, requiring some synchronization with every access.

Data Distributions. Skewed data distributions are com-
mon and the effect of skew on join performance has long
been recognized [8]. One study [3] argues that a hardware-
oblivious hash join algorithm can handle skew gracefully
whereas hardware-conscious algorithms suffer from the ef-
fects of data skew. As with cache misses, the argument is
that modern hardware is intrinsically successful in handling
skewed access patterns to memory without any hardware-
specific tuning.

These are important points of disagreement, and we study
them in this paper by implementing the algorithms high-
lighted in this section and running extensive experiments on
them.

3. MAIN-MEMORY HASH JOINS
In this paper, we study six algorithms that are shown in

Table 1. In the remainder of this section we describe each
one of them in detail.

Algorithm Description

NPB No partitioning basic [3] (Section 3.3)
NPO No partitioning optimized (Section 3.4)
RJ Radix [12] (Section 3.5)
PR Parallel radix [10] (Section 3.6)

PRB Parallel radix basic [3] (Section 3.6)
PRO Parallel radix optimized (Section 3.7)

Table 1: Algorithms under study.
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3.1 Canonical Hash Join Algorithm
The canonical hash join algorithm [14, 11] operates in two

phases as shown here on the left. In the first build phase, the
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smaller of the two input rela-
tions, say R, is scanned to pop-
ulate a hash table with all R
tuples. The probe phase then
scans the second input rela-
tion, say S, and probes the
hash table for each S tuple to
find matching R tuples.

Both input relations are
scanned once and, with an as-
sumed constant-time cost for

hash table accesses, the expected complexity for the canon-
ical hash join algorithm is O(|R|+ |S|).

3.2 No Partitioning Join
The no partitioning join [3] is a direct parallel version of

the canonical hash join. It does not depend on any hard-
ware-specific parameters and, it does not partition the data.

Both input relations are divided into equi-sized portions
that are assigned to a number of worker threads. As shown
in Figure ??, in the build phase, all worker threads populate
a shared hash table that all worker threads can access.
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Figure 1: No Partitioning Join.

After synchronization via a barrier, all worker threads en-
ter the probe phase and concurrently find matching join
partners for their assigned S portions.

An important characteristic of no partitioning is that the
hash table is shared among all participating threads. This
means that concurrent insertions into the hash table must
be synchronized. To this end, each bucket is protected via a
latch that a thread must obtain before it can insert a tuple.
The potential latch contention is expected to remain low,
because the number of hash buckets is typically large (in
the millions). The probe phase accesses the hash table in
a read-only mode. Thus, no latches have to be acquired in
that second phase.

On a system with p cores, the expected complexity of this
parallel version of hash join is O (1/p(|R|+ |S|)).

3.3 No Partitioning Join Basic
As we shall see also in the evaluation part of this work,

the no partitioning idea leads to potentially different im-
plementations. In this section we highlight the design and
implementation choices that were made in the original im-
plementation [3] (which we denote as NPB). This code is
available on the authors’ web site [4].

Input Representation. The representation of input rela-
tions in NPB is inspired by a page-oriented storage model.
Tuples are placed in buffers of fixed length, and multiple
buffers are chained as a linked list to host a full input rela-
tion. Accessing tuples in the buffers may, therefore, require
following these links.

Hash Table. The hash table representation in NPB con-
sists of three parts:

01 0 8 0 8 16 32 48

l head free next tuple 1 tuple 2

latch
array

pointer
array buckets (as linked list)

The hash table itself is an array of head pointers, each of
which points to the head of a linked bucket chain.

Each bucket is implemented as a 48-byte record. A free
pointer points to the next available tuple space inside the
current bucket. A next pointer leads to the next overflow
bucket, and each bucket can hold two 16-byte input tuples.

Since the hash table is shared among worker threads,
latches are necessary for synchronization. As illustrated
above, they are implemented as a separate latch array position-
aligned with the head pointer array.

In this table, a new entry can be inserted in three steps
(ignoring overflow situations due to hash collisions): (1) the
latch must be obtained in the latch array; (2) the head
pointer must be read from the hash table; (3) the head
pointer must be dereferenced to find the hash bucket where
the tuple can be inserted.

3.4 No Partitioning Join Optimized
In our study, we consider an alternative implementation

of the no partitioning algorithm. We will hereafter call this
implementation no-partitioning-optimized and denote it as
NPO. Here we sketch the design choices that we made in
NPO.

Input Representation. We organize input relations as
contiguous in-memory arrays of tuples rather than as a linked
list of pages. Our data is fixed-width, so any tuple can
be accessed by position. When we assign sub-relations to
threads, we use a 〈position, count〉 pair to characterize the
sub-relation. This representation is consistent with mod-
ern main-memory execution engines, such as that used in
MonetDB [6].

Hash Table. The hash table must be capable of holding
a very large number of small entries. We consider this by
representing the main hash table as a contiguous array of
buckets of the same width. The hash function (we use the
modulo operation for simplicity) directly indexes into this
array representation. For overflow buckets, we allocate ad-
ditional bucket space outside the main hash table.

0 8 24 40 48
hdr tuple 1 tuple 2 next

The array of buckets is
structured as shown on
the right. An important
design decision is to in-
clude the 1-byte synchro-
nization latch as part of
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Figure 2: Partitioned Hash Join.

the 8-byte header that also contains a counter indicating the
number of tuples currently in the bucket. Each bucket can
hold two 16-byte tuples, and an 8-byte next pointer chains
hash buckets in the case of overflows. Each hash bucket is
48 bytes long, which easily fits into one 64-byte cache line.
Having the latch as part of the header avoids a separate
access to the latch table.

3.5 Radix Join
While the principle of hashing—direct positional access

based on a key’s hash value—is appealing, the resulting ran-
dom access pattern to memory bears a high risk of expensive
cache misses. In practice, as soon as the size of the hash ta-
ble exceeds the system’s cache capacity, virtually any hash
lookup leads to a cache miss.

One of the first to identify this problem were Shatdal et
al. [15] who proposed to partition both input relations first,
then create hash tables only over partitions of the input ta-
bles. If partitions are sufficiently small, then each individual
hash table will fit into the CPU cache and no cache misses
will occur.

Partitioned Hash Join. The idea of Shatdal et al. is il-
lustrated in Figure 2. In the first phase of the algorithm
the two input relations R and S are divided into partitions
ri and sj , respectively. During the build phase, a separate
hash table is created for each ri partition (assuming R is the
smaller input relation). Each of these hash tables now fits
into the CPU cache. During the final probe phase, sj par-
titions are scanned and the respective hash table is probed
for matching tuples.

During the partitioning phase, input tuples are divided up
using hash partitioning (via hash function h1 in Figure 2)
on their key values (thus, ri 1 sj = ∅ for i 6= j) and another
hash function h2 is used to populate the hash tables.

While avoiding cache misses during the build and probe
phases, partitioning the input data may cause a different
type of cache problem. The partitions will typically reside
on different memory pages with a separate entry for virtual
memory mapping required for each partition. This mapping
is cached by TLBs in modern processors. As Manegold et
al. [12] point out, the partitioning phase may cause TLB
misses if the number of created partitions is too large.

Essentially, the number of available TLB entries defines
an upper bound on the number of partitions that can be
created or accessed efficiently at the same time.

Radix Partitioning. Excessive TLB misses can be avoided
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Figure 3: Radix Join.

by partitioning the input data in multiple passes. In each
pass j, all partitions produced by the preceding pass j − 1
are refined, such that the partitioning fan-out never exceeds
the hardware limit given by the number of TLB entries. In
practice, each pass looks at a different set of bits from the
hash function h1, which is why Manegold et al. [12] termed
their idea radix partitioning. For typical in-memory data
sizes, two or three passes are sufficient to create cache-sized
partitions, yet not suffer from TLB capacity limitations.

Radix Join. The complete radix join is illustrated in Fig-
ure 3. 1© Both inputs are partitioned using two-pass radix
partitioning (two TLB entries would be sufficient to support
this toy example). 2© Hash tables are then built over each
ri partition of input table R. 3© Finally, all si partitions
are scanned and the respective ri partitions probed for join
matches. Hereafter we will refer to our implementation of
the algorithm described here as RJ.

In radix join, multiple passes have to be done over both
input relations. Since the maximum “fanout” per pass is
fixed by hardware parameters, log |R| passes are necessary,
where R again is the smaller input relation. Thus, we expect
a runtime complexity of O ((|R|+ |S|) log |R|) for radix join.

3.6 Parallel Radix Join
Radix join can be parallelized by subdividing both input

relations into sub-relations that are assigned to individual
threads. During the first pass, all threads create a shared set
of partitions. These few tens of partitions are accessed by
potentially many execution threads, creating a contention
problem (the low-contention assumption of Section 3.2 no
longer apply).

To overcome this contention, Kim et al. [10] reserve, for
each thread, a dedicated range within each output partition
to avoid contention. To this end, both input relations are
scanned twice. The first scan computes a set of histograms
over the input data, so the exact output size is known for
each thread and each partition. Next, a contiguous mem-
ory space is allocated for the output, and, by computing
a prefix-sum over the histogram, each thread pre-computes
the exclusive location where it writes its output. Finally,
all threads perform their partitioning without any need to
synchronize.

After the first partitioning pass, there is typically enough
independent work in the system (cf. Figure 3), so workers
can perform work on their own. Task queuing is an effective
mechanism to distribute the work among worker threads.
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Hash Table Implementation. Manegold et al. [12] sug-
gested to use bucket chaining to deal with hash collisions
in the created hash tables. The main idea is to keep tuples
with the same hash value chained together by their offset in
the input relation array.

Kim et al. [10] build their hash table analogously to the
parallel partitioning stage. The input relation R is first
scanned to obtain a histogram over hash values. Then, a
prefix sum is used to help re-order relation R (to obtain R′),
such that tuples with equal hash value appear contiguously
in R′. The prefix sum table and the re-ordered relation now
together serve as a hash table as shown in Figure 4.
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Figure 4: Histogram-based hash table build phase.

The advantage of this strategy is that contiguous tuples
can now be compared using the SIMD instructions. In ad-
dition, software prefetching mechanisms can be applied to
bring potential matches to the L1 cache before comparisons
by storing the probe items in a small buffer.

We refer to the algorithm by Kim et al. [10] as PR. The
implementation by Blanas et al. [3], which does not in-
clude the SIMD and prefetching optimizations, is denoted
as PRB.

3.7 Parallel Radix Join Optimized
We have implemented several versions of the original par-

allel radix join [10] trying different optimizations. In one of
the versions, we used bucket chaining for the build phase in-
stead of the histogram-based relation re-ordering (denoted
as PRO). As we shall see in Section 6.3, this implemen-
tation performs better than the version using SIMD and
prefetching.

Apart from the differences in the build phase, there are
also several minor differences of our implementations to that
of Kim et al. [10]. First, during the join phase, Kim et al.
[10] propose a 3-step fine granularity processing for handling
very high skew. We have only implemented the task queue-
based load balancing scheme inspired by [8] which is also the
case for the implementation of Blanas et al. [3]. Second, the
prefix-sum computation is not done in parallel as we have
found out that this step takes insignificant amount of time.

When experimenting with our code, we found that the
performance often degrades when partition sizes are a per-
fect power of 2. This is because partitions then contend for
the same cache set within the set-associative cache of our
system. Due to the low cache associativity, spurious cache
misses occur without fully utilizing all cache lines. To avoid
this problem, our code inserts padding between partitions
when necessary.

4. EXPERIMENTAL SETUP
In the remainder of the paper, unless otherwise noted, all

experiments are based on the following setup.

4.1 Data Sets
The two main data sets used in our evaluations are those

used in earlier studies [3, 10]. The main differences among
the data sets are the relative size of the tables and the data
layout.

Non-Equal Data Set: This data set reflects the case where
the join is performed between the primary key of the inner
relation R and the foreign key of the outer relation S. The
size of R is fixed at 16 · 220 and size of S is fixed at 256 · 220.
The ratio of the inner relation to the outer relation is 1 :
16, which is claimed to mimic the relative sizes in decision
support settings. In this data set, tuples are represented
as 〈key, payload〉 pairs of 8 bytes each, summing up to 16
bytes per tuple. We populated the key column relation R
with a random permutation of the values from 1 to the given
relation cardinality.

Relation S consists of the same data as R repeated a num-
ber of times depending on the ratio between the two rela-
tions. This means that the foreign key relation contains 16
copies of the primary key relation concatenated one after
another where each copy is permuted differently. This is the
data set used by Blanas et al. [3].

Equal Data Set: In this data set, the inner relation R and
outer relation S have 128 · 106 tuples each. The tuples are
8 bytes long, consisting of 4-byte (or 32-bit) integers and
a 4-byte payload. Although this setup only allows relation
cardinalities up to 232, it is argued that this range is typically
larger than the number of entries in a common main-memory
database [10]. As for the data distribution, if not explicitly
specified, we use relations with randomly shuffled unique
keys ranging from 1 to 128 · 106. This is the data set used
by Kim et al. [10].

4.2 Hardware Platforms
The machines used in the experiments are summarized in

Table 2. SMT functionality is only supported by Intel ma-
chines in this study and each core can support two thread
contexts. In all the machines, L3 cache is shared and cache
line size is 64 bytes. On the AMD Bulldozer machine, we
used only 8 cores during the experiments to isolate from
non-uniform memory access effects due to the special archi-
tecture of this CPU.

Intel Intel AMD
Nehalem Sandy Bridge Bulldozer

CPU
Xeon Xeon Opteron
L5520 E5-2680 6276

2.26 Ghz 2.7 Ghz 2.3 Ghz
Cores/Threads 4/8 8/16 16/16
Cache 32KB 32KB 48KB

(L1/L2/L3)
256KB 256KB 1MB
8MB 20MB 16MB

Memory
12GB DDR3 32GB DDR3 32GB DDR3

1066 MHz 1600 MHz 1333 MHz

Table 2: Specifications of hardware platforms.

The experiments in Section 5 and 6 are conducted on an
Intel Xeon L5520 2.26 Ghz with 2 sockets and 4 cores each
with simultaneous multi-threading enabled. As in Blanas et
al. [3], we use only one socket of the CPU where we first
assign threads to 4 hardware cores and then assign to 4
SMT threads. All the hardware performance counter pro-
filing experiments were conducted by integrating the Intel
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Performance Counter Monitor [1] with the code, which en-
ables very fine-grained and detailed instrumentation.

5. ANALYSIS OF NO PARTITIONING JOIN
In what follows, we experimentally evaluate and compare

the original implementation of no-partitioning join (NPB)
with our optimized version (NPO) using the non-equal data
set. We developed NPO to improve on several performance
issues that we observed in NPB. An answer to the hardware-
oblivious vs. hardware-conscious controversy should not de-
pend on particular implementation details (which might af-
fect absolute performance, however). Thus, here we verify
that NPO and NPB show similar trends and characteristics.
When later we explore the main question of this paper, we
will base our arguments on our optimized NPO implemen-
tation rather than on NPB.

5.1 Execution Time
Compared to NPB, NPO—together with a more suitable

data representation for the tables—leads to significant per-
formance gains. Figure 5 shows how the cycles-per-output-
tuple (the ratio of total execution cycles to the total number
of output tuples) vary with the number of parallel threads
for both NPB and NPO. The cycles count is divided into
the build and probe phases to show their relative contri-
bution to the overall cost. In all cases, NPO is at least 3
times faster than NPB. This holds for both the probe and
the build phases. In the build phase, NPO is at least 1.5
times faster. In the probe phase, NPO is at least 3 times
faster.

Taken at face value, one could argue that the substantial
performance improvements of NPO strengthen the case for
hardware-oblivious algorithms. However, as we will show
later, PRO offers similar performance improvements over
PRB, so the fact that we can improve on NPB does not lead
in itself to any clear conclusion.

5.2 Build Phase - No partitioning
In Blanas et al. [3], the build phase accounts for only 2%

of the overall execution time of NPB. In our experiments,
the ratio is much higher, from 6 to 12% for both NPO and
NPB. Note that one would expect the lower bound of the
cost of the build phase to be proportional to the relative
table sizes—for the unequal data set about 6%. An overhead
of 2% indicates that scanning the smaller table is somehow
much faster than scanning the larger table. Furthermore,
the build phase needs synchronization during accesses to the
shared hash table, suggesting a cost higher than just 2%.

The code and scripts to generate the base data provided
by Blanas et al. indicate that the results are based on exper-
iments where the smaller table is pre-sorted. As a result, as
data items are hashed, they map to consecutive hash table
buckets and memory access is through sequential addresses.
The sorted input also removes any contention for the bucket
latch.

The results in Figure 5 are for unsorted data. To measure
the effects of using a sorted input relation, we repeated the
experiment with data sorted as in [3] (Table 3). These re-
sults confirm that the low contribution of the build phase in
[3] is due to the use of a sorted input and not a feature of
NPB or NPO.

5.3 Cache Efficiency

1 2 3 4 5 6 7 8
0

100

200

300

400

500

600

number of threads

cy
cl

es
p

er
o
u
tp

u
t

tu
p
le

NPB

NPO

build cost in NPB and NPO

Figure 5: Cycles-per-output-tuple for NPB and
NPO. Uniform non-equal data set.

Cycles L3 miss Instr. TLB miss

Build - sorted 322 2 2215 1
Build - unsorted 1415 45.3 2263 52.7

Table 3: Effect of sorted input on the build phase of
NPB.

When using unsorted data as input, several performance
limitations of the setup in [3] become visible: a high number
of cache misses occur due to the implementation of latches
as a separate data structure. Additional cache inefficiencies
are caused by implementing the tables as linked lists instead
of cache-aligned records as it is common in column store
engines. However, none of these problems are essential to
the basic ideas behind non-partitioning; they just need to
be avoided as NPO does.

NPB uses a latch table separated from the hash table.
During the build phase this leads to three potential cache
misses per access to the hash table: one for acquiring the
latch, one for reading the bucket pointer, and one for get-
ting the actual bucket. Typical CPU caches today will
not be able to hold the entire latch array (1 byte/bucket ∗
8 million buckets = 8 MB) and bucket pointer array

(8 bytes/bucket ∗ 8 million buckets = 64 MB). Likely, each
of the three memory references will thus results in a cache
miss.

Unfortunately, this problem will not even go away with
larger caches. To acquire the latch during a parallel exe-
cution, a core will have to take ownership of the respective
cache line and migrate it to its own local cache. The result-
ing cache line shipping can be expensive. Exclusive access
to a remote cache line can incur a latency of up to 83 CPU
cycles on current Intel Nehalem systems [13].

NPO needs 48 bytes for each bucket, and 4 consecutive
buckets span three cache lines. As a result, a bucket spans
1.5 cache lines on average and we expect 1.5 cache misses
per tuple during the build phase instead of three. This anal-
ysis is confirmed by the data obtained from the performance
monitoring tool (Table 4).

Similar calculations can be done for the probe phase al-
though the problem with NPB now is not the separate latches
but the data layout. In NPB, the latch array is not used
during the probe phase so the expected amount of cache
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NPB NPO

Build Probe Build Probe

L2 misses 3.06 3.25 1.56 1.39
L3 misses 2.88 3.19 1.56 1.36

Table 4: Cache misses per tuple.
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Figure 6: Speedup with SMT threads.

misses should be about two per tuple. However, the mea-
sured L2/L3 cache misses in Table 4 yield more than three
misses per tuple. The additional misses are due to the buck-
ets not being cache line aligned. Although each bucket is 48
bytes and can fit in a single cache line, the lack of cache
alignment leads to almost all of the buckets spanning two
cache lines, which explains the extra cache miss observed.
This result is confirmed by experiments of NPB over cache-
aligned buckets, which lead to 2.25/2.21 L2/L3 misses per
tuple, much closer to the analysis.

5.4 The Role of SMT Threads
Given that NPO is faster than NPB, the question arises

whether the NPO benefits from simultaneous multi-threading
(SMT) as much as NPB does. SMT provides the illusion of
an extra CPU by running two threads on the same CPU and
cleverly switching between them at the hardware level when
one of them stalls waiting for some operation to conclude.
SMT works very well when the threads have to wait peri-
odically. NPB has many more cache misses and, thus, waits
more than NPO does. As the analysis above indicates, it is
understandable why NPB works well with SMT.

In order to find out how SMT impacts NPO, we repeated
the SMT experiment of Blanas et al. [3] on an Intel Xeon
L5520 2.26 Ghz with 4 cores and 2 hardware thread contexts
per core (the original study used an Intel Xeon X5650 2.67
Ghz with 6 cores and 2 hardware thread contexts per core).
Similar to the original paper, we start by assigning each
thread to a different core. Once the available physical cores
are exceeded, we assign threads to the available hardware
contexts in round-robin fashion.

The results are shown in Figure 6. Clearly, SMT does not
have the same impact on NPO whereas the positive impact
for NPB in our experiment confirm what was reported in
the original study [3]. NPO is much faster than NPB so
the fact that SMT does not work with NPO actually raises
some questions about the case for hardware-oblivious algo-

rithms. One of the arguments of Blanas et al. [3] is that no
partitioning works because modern hardware can hide cache
and TLB misses behind, among other things, SMT. Unfor-
tunately, this holds only if there are enough cache misses
and enough additional work for the second thread to make
progress while the first one is waiting. The results for NPO
indicate that an optimized implementation does not scale
linearly with SMT threads, potentially removing one argu-
ment in favor of cache-oblivious algorithms on top of SMT
multi-cores.

In summary, the behavior of NPO implementation is con-
sistent with existing work (the work of Blanas et al. in par-
ticular). The absolute performance of NPO implementa-
tion is higher than that of NPB, making it a good base line
for a meaningful evaluation of the hardware-conscious vs.
hardware-oblivious controversy.

6. ANALYSIS OF RADIX JOIN
We perform a similar analysis for the parallel radix join.

We study the implementation of Blanas et al. [3] (PRB)
and our optimized version (PRO) using the non-equal data
set. We also compare the behavior and performance of PRO
with that of the algorithms presented in [10]. As with no-
partitioning, PRO is faster than PRB and exhibits a perfor-
mance comparable to that of the algorithm in [10]. Thus, it
is a good baseline for the comparison with no-partitioning
join.

Since hardware-conscious algorithms need optimal param-
eters (i.e., determining the number of optimal passes and
partitions) for the machine on which the experiments are
run, we pick the best configurations of each implementa-
tion. For PRB, the best configuration is 1 pass and 2048
partitions as in [3] since our experimental machine has the
same L1/L2 cache sizes but different L3 cache size (12 MB
vs. 8 MB). The optimal number of passes and partitions for
PRO is 2 and 4096, respectively, which is same as in [10]
since our experimental machine has the same L1/L2 cache
sizes but different L3 cache size (6 MB vs. 8 MB). Finally, for
the single threaded implementation RJ, the optimal number
of passes is 2 and the number of partitions is 4096.

6.1 Execution Time
Figure 7 shows the execution cycles per output tuple for

different numbers of threads for PRB and PRO. PRO is
approximately 3 times faster than PRB in all cases. For ref-
erence and to control the actual behavior of the algorithms,
we also compared PRB and PRO with the basic, single-
threaded radix join (RJ) [12] and parallel radix join (PR)
[10]. RJ is our own implementation along the lines of [12];
for PR we report in Figure 7 the numbers published in the
original paper [10].

The single-thread performance of PRO is comparable to
that of RJ which achieves 128 cycles per output tuple (not
shown in Figure 7). Similarly, the 8-thread performance of
PRO is slightly faster than the results reported in [10] as
30–32 cycles per output tuple (also not shown in the figure).

Again, the fact that PRO is faster is not an argument
in favor of cache conscious algorithms. On the one hand,
the results are very similar to those of [10] so PRO is not
a significant variation over existing results. On the other
hand, the performance improvements of PRO over PRB are
comparable to the performance improvements of NPO over
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NPB. Thus, the enhancements give us just a more optimized
baseline rather than advancing the case for hardware aware-
ness.

6.2 Partitioning Phase - Parallel Radix
An interesting aspect of PRO’s advantage over PRB is

the contribution of each phase of the algorithm. Figure 7
shows the breakdown of the cycles per output tuple into
two parts: partitioning time and actual join time (build and
probe). In PRO, the partitioning time dominates the ex-
ecution time (88% of the total time) due to two reasons.
First, this implementation uses 2-pass partitioning result-
ing in several trips to the main memory. Second, as the
partitions are fine-grained and can fit into L2 or L1 caches,
the join phase is significantly faster and caches are fully uti-
lized. In contrast, PRB spends between 52% and 56% of the
overall execution time on the partitioning phase.

In spite of the difference in overall contribution, PRO is
faster in both parts of the algorithm: PRO is 1.6−1.9 times
faster than PRB for partitioning, and almost an order of
magnitude faster for the join. Table 5 shows the cycle and in-
struction count numbers measured in the experiments. The
results for PRB conform to the results of Blanas et al. [3].

PRB PRO

Part. Build Probe Part. Build Probe

Cycles 9398 499 7204 5614 171 542
Instructions 33520 2000 30811 17506 249 5650

Table 5: Cycle and instruction counts for PRB and
PRO (in millions).

Based on this results, PRO (and PR) seems to capture
the essence of hardware-conscious algorithms much better
than PRB. In spite of adding a partitioning phase, PRB still
spends about half the time doing the join. In contrast, PRO
spends only about a tenth of the overall time doing the join,
indicating that the extra partitioning phase clearly manages
to speed up the join phase by a significant factor. One ar-
gument against this kind of algorithms is that they do not
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Figure 8: Comparison of join algorithms and effect
of optimizations.

minimize processor synchronization costs as the partition-
ing phase requires much synchronization. Given the speed
up achieved in the join phase of PRO through the partition
phase, the high synchronization costs need to be seen in the
context of the later gains and should not be considered in
isolation. We will revisit the issue when comparing NPO
and PRO.

6.3 Join Phase - Parallel Radix
Although PRO has a performance comparable to that of

PR, it uses different mechanisms in the join phase. These
mechanisms are an important part of the process of tun-
ing the algorithm to the underlying hardware so it is worth
looking in more detail at their impact on performance. For
this purpose we have implemented different versions of the
join phase of PRO: one using bucket chaining (the version
studied above), one based on a histogram-based relation re-
ordering algorithm using SIMD instructions and software
prefetching mechanisms [10], and one based on a histogram-
based relation re-ordering algorithm implemented without
SIMD instructions and software prefetching. Results are
summarized in Figure 8. These results conform to those re-
ported by Kim et al. [10] where the optimal performance is
achieved with 14 radix bits using a 2-pass partitioning (as
in our case).

The interesting aspect of these experiments is that they
show that SIMD and prefetching optimizations are not an
important part of the potential advantage of parallel radix
join. They improve performance but only by a small fac-
tor. It also turns out that the bucket chaining idea already
proposed by Manegold et al. is still the best approach in
multicore as it avoids repeated reading and writing of the
relation for histogram computation and re-ordering, in addi-
tion to using less auxiliary memory. Accordingly, in the rest
of the paper, we use the bucket chaining version of PRO.

In terms of the comparison with hardware-oblivious algo-
rithms, these results are important because they show that
the biggest part of the potential gain of hardware-conscious
algorithms is indeed the careful tuning of the partitioning
phase and not any fundamental reimplementation of the join
phase.

6.4 Speedup from SMT Threads
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Figure 9 shows that neither PRO and PRB benefit from
SMT threads. Up to the number of physical cores, both im-
plementations scale linearly, and in the SMT threads region
both suffer from the sharing of hardware resources between
threads. These results are also in line with the results of
Blanas et al. [3]. As pointed out before, cache efficient algo-
rithms cannot benefit from SMT threads to the same extent
since there are not many cache misses to be hidden by the
hardware. The results are also useful in validating the im-
plementation of PRO against that of Kim et al. [10] as PRO
achieves a speedup of 4.6, very close to the 4.4 factor re-
ported by Kim et al.

6.5 Cache Misses
The issue of what is the cost of synchronization in par-

allel radix algorithms can be explored in more detail using
low level instrumentation data. Table 6 shows the cache
misses for PRO and PRB. Obviously PRO utilizes caches
very well resulting in very low L2 and L3 cache misses. This
explains the better performance of PRO in the build and
probe phases.

Surprisingly, PRB has high L2 and L3 misses in the build
and probe phases in spite of being a cache efficient algo-
rithm. The explanation for this lies in the underlying syn-
chronization used in PRB which, indeed, is a problem. In
PRB, the probe phase only begins after all hash tables have
been built by all threads introducing a very strong synchro-
nization point. The problem is that some of the hash tables
might be swapped out of the cache before probing begins
which would explain the instrumentation numbers we mea-
sure for PRB.

In PRO, the hash table must is probed as soon as it is
built so it is never swapped out of the cache. In PRO,
each thread picks the build and probe relations together and
does the probe immediately after building. In other words,
it is possible to build a cache conscious algorithm with a
very efficient partitioning phase where the synchronization
costs are minimized. This removes an argument in favor of
hardware-oblivious algorithms although it does not answer
the question of which one does better.

PRO performs worse only for TLB misses in the partition-
ing phase due to having to read and write the data 2 times.
The code path length also gives a good insight for the ob-
served performance differences. The code path of PRB is
longer by 1.9, 8 and 5.5 times, respectively in partitioning,
build and probe phases.

PRB PRO

Part. Build Probe Part. Build Probe

L2 misses 24 16 453 13 0.3 2
L3 misses 5 5 40 7 0.2 1
TLB misses 9 0.3 2 20 0.1 1
Bytes read 22845 266 4320 24856 211 4148
Bytes written 14166 0.7 7 10818 0.7 1.2

Table 6: Cache misses for different radix join imple-
mentations (in millions).

7. DOES HARDWARE MATTER?
In this section, we compare NPO and PRO over a wide

range of settings such as different data sets, hardware, skew,
and relative tables sizes.

7.1 Effect of Data Set
We have run PRO and NPO on different machines and

using the two different data sets to evaluate the impact of
the data set on the results (Figure 11).

Figure 11(a) shows results for the uniform, non-equal data
set. Since the data is not skewed, the results support the
claim by Blanas et al. that hardware-conscious algorithms
perform better only when highly optimized to the architec-
ture and that hardware-oblivious algorithms can offer com-
parable performance. Although PRO is faster, one can argue
that the simpler design and parameter-free nature of NPO
makes it a better choice -which is the main argument in
favor of hardware-oblivious approaches.

Unfortunately , when running the same algorithms on the
same machines with the uniform, equal data set, the picture
changes radically (Figure 11(b)). PRO is approximately 3.5
times faster than NPO on Intel machines and 2.5X faster
on the AMD machine. That is, NPO has only comparable
performance to PRO when the relative relation sizes are
very different as this minimizes the cost of the build phase.
As soon as the table sizes grow and become similar, the
overhead of not being hardware-conscious becomes clearly
visible (see the differences in the build phases for NPO).

7.2 Effect of Different Machines
The actual underlying hardware is also an important fac-

tor in how NPO and PRO behave. On Intel Sandy Bridge
E5, a very recent machine, both NPO and PRO show the
best performance. On the AMD machine, performance is
not as good as even the Intel Xeon L5520 machine using
only 8 cores of the available 16 cores. This is due to the
special topology and non-uniform memory access effects of
the AMD processor, where using all the 16 cores did not
show any significant benefit and we do not report it here. It
is likely that such an architecture requires a tailored design
for th algorithms to perform well, removing an argument in
favor of NPO as, even if it is parameter free, some multi-
core architectures may require specialized designs anyway as
NUMA would crate significant problems for the shared hash
table used in NPO (let alone future designs where memory
may not be coherent across the machine).

Figure 10 shows the total throughput of NPO and PRO
on the three platforms using the uniform, equal data set.
On Intel Xeon, PRO reaches up to 95M tuples per second,
whereas NPO’s performance only reaches 26M tuples per
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Figure 10: Throughput comparison of algorithms on different machines with the uniform equal data set.
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Figure 11: Cycles per output tuple comparison with different data sets and machines.

second as shown in Figure 10(a). On the Intel Sandy Bridge
E5 machine, of PRO reaches 196M tuples per second show-
ing that a hardware-conscious design can make better use of
the underlying hardware: as far as we are aware, this is the
highest throughput reached for a main memory hash join
algorithm so far.

7.3 Effect of Skew
In this section, we study the effects of skew following the

same methodology of Blanas et al. [3]. The equal data set
is extended by introducing a skewed join key distribution
in the foreign key relation while leaving the primary key
relation as it is. In our experiments, we test both data sets
and a skew ranging from 0 (no skew) to 1.75 (very high
skew). The experiments are run on the Intel Xeon L5220
machine.

The results are shown in Figure 12 and Figure 13.
The claim that NPO is better than PRO in the pres-

ence of skew is confirmed in Figure 12(a). As the skew
increases, NPO gets better and better, significantly outper-
forming PRO. Skews beyond 1.25 does not improve the per-
formance further. The reason is that beyond such a skew,
almost all of the matching tuples in the build hash table fit
into the lowest-level cache. This is also confirmed by the
results in Figure 13(a), where the build time stay constant
and the probe time decreases dramatically with the skew.
Although we have not implemented the 3-phase parallelized
join scheme to handle skewness suggested by Kim et al. [10]
(also the case in the paper of Blanas et al. [3]), the results
seem to validate the claim in favor of hardware-oblivious
algorithms.

However, when using the equal data set (Figure 12(b))
the situation is reversed. NPO becomes slower as a result
of the increasing cost of the build phase. As shown in Fig-
ure 13(b), the build time dominates the overall execution as

it stays constant with increasing skew and only probe time
decreases. Due to the same fact, the performance improve-
ment in NPO with skew is not as high as in the non-equal
data set, which is now around 1.6 times. PRO becomes
faster with the equal data set. Although around the same
number of tuples are partitioned (128 · 106 + 128 · 106 vs.
16 · 220 + 256 · 220), because of the decrease in tuple sizes,
less memory transfers are done in the partitioning phase.
Overall, performance of NPO still improves with skew but
the implementation PRO is still almost 2 times faster than
NPO with the equal data set.

The findings in Figure 12 show the importance of the data
sets when discussing the relative performances of different
join algorithms. They also show that, in spite of the care-
ful tuning, parallel radix join is much less sensitive to skew
in general. In actual implementations, robustness and pre-
dictability [9] tend to be much more critical than raw per-
formance, which would favor hardware-conscious algorithms
such as PRO.

7.4 Effect of Relation Size Ratio
The experiments above show that actual relative sizes of

the tables to join play a big role in the actual behavior of the
algorithms. In the following set of experiments, we explore
the effect of varying relation cardinalities on join perfor-
mance. For these experiments, we use the Intel Xeon L5520
and fixed the number of threads at 8. We varied the size of
the primary key build relation R in the non-equal data set
from 1 · 220 to 256 · 220 tuples. The size of the foreign key
relation S is fixed at 256 · 220. However, as we changed the
size of R, we have also adjusted the distribution of values in
S accordingly.

Figure 14 shows the cycles per output for each phase as
well as the entire run for different R sizes in a log-log plot.
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Figure 12: Experiments with varying skew over different data sets.
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Figure 13: Cycles per output tuple comparison with different data sets and skew.
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Figure 14: Cycles per output tuple with varying build relation cardinalities in non-equal data set.

The results confirm the observation made so far and pro-
vide a more clear answer to the controversy between hard-
ware-conscious and hardware-oblivious algorithms. NPO
does very well when the small table is very small compared
to the large table. Performance decreases linearly as the site
of R increases solely because of the cost of the build phase
(Figure 14(a)). PRO proves to be very robust to different
table sizes and exhibits very much the same performance
across all sizes of R. More importantly, the contribution of
the partitioning phase is the same across the entire range,
indicating that the partitioning phase does its job regardless
of table sizes.

In other words, NPO is better that PRO only under skew

and when the sizes of the tables being joined significantly
differs. In all other cases, PRO is better (and significantly
better in fact) in addition to also being more robust to dif-
ferent parameters like skew or relative table sizes.

8. CONCLUSION
In this paper we have addressed the controversy regard-

ing the need for hardware-conscious algorithms to make the
most of modern multicore architectures when implementing
main memory joins. The results are conclusive, based on the
algorithms proposed in the literature, hardware-oblivious al-
gorithms only work well under skew and when the table
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sizes significantly differ. In light of all the additional ex-
perimental results presented in the paper, the conclusion is
that hardware-conscious algorithms perform better under a
wide range of parameters and are more robust than their
hardware-oblivious counterparts.
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