Automated Tuning in Parallel Sorting
on Multi-core Architectures

Haibo Lin', Chao Li%, Qian Wang?®, Yi Zhao!, Ninghe Pan*,
Xiaotong Zhuang®, and Ling Shao!

! IBM Research - Beijing, China
{linhb,zhaoyizy,shaol}@cn.ibm.com

2 University of Massachusetts, Boston MA, USA
chaoli@cs.umass.edu

3 Beijing Institute of Technology, Beijing, China

duck shmily@hotmail.com
4 IBM Systems & Technology Group, Beijing, China
panningh@cn.ibm.com
5 IBM Watson Research Center, Yorktown Heights NY, USA

xzhuang@us.ibm.com

Abstract. Empirical search is an emerging strategy used in systems
like ATLAS, FFTW and SPIRAL to find the parameter values of the
implementation that deliver near-optimal performance for a particular
machine. However, this approach has only proven successful for scientific
kernels or serial symbolic sorting. Even commercial libraries like Intel
MKL or IBM ESSL do not include parallel version of sorting routines. In
this paper we study empirical search in the generation of parallel sorting
routines for multi-core systems. Parallel sorting presents new challenges
that the relative performance of the algorithms depends not only on the
characteristics of the architectures and input data, but also on the data
partitioning schemes and thread interactions. We have studied parallel
sorting algorithms including quick sort, cache-conscious radix sort, multi-
way merge sort, sample sort and quick-radix sort, and have built a sorting
library using empirical search and artificial neural network. Our results
show that this sorting library could generate the best parallel sorting
algorithms for different input sets on both x86 and SPARC multi-core
architectures, with a peak speedup of 2.2x and 3.9x, respectively.

1 Introduction

Multi-threaded programming is being extended from its current niches to more
widespread use with the advent of multi-core processors. One of the major
challenges in parallel algorithm implementation is the lack of a comprehensive
methodology to drive optimization transformations. Empirical search [I] is an
emerging research topic in identifying from a set of algorithms and implemen-
tations the one that performs the best on machines where the library is being
installed, like ATLAS [I], FFTW [2] and SPIRAL [3]. During the installation
phase, they use empirical search to identify the best version of transformations
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based on the characteristics of the target platform and the size of the input data.
An automatically tuned sorting library [4][5] is also built using empirical search
and machine learning to adapt to different characteristics of input sets.

However, empirical search has only proven successful for algorithms that are
used for either serial/parallel scientific kernels or serial symbolic sorting. Even
commercial libraries like Intel MKL or IBM ESSL do not include parallel ver-
sions in their sorting routines. There are several challenges in tuning parallel
sorting for multi-core platforms. First, the lack of precise formulation regarding
how the memory hierarchy affects the performance of multiple threads renders
it difficult to optimize sorting algorithms. Second, the trade-off between single
thread performance (locality) and scalability has not yet been well studied to
select optimization parameters. Third, the performance of sorting algorithms
relies heavily on the characteristics of input sets, which would, very possibly, in-
troduce load balancing issues for multi-cores. Finally, the overall complexity and
the parameter search space has become too large for pure empirical approaches.

In this paper, we present and evaluate a strategy for automatic generation of
parallel sorting libraries on multi-core architectures. We evaluate several well
known parallel sorting algorithms including quick sort, radix sort, multiway
merge sort, sample sort, as well as quick-radix sort. We first extract the most
significant factors that influence the performance of multi-threaded sorting algo-
rithms. By characterizing these factors and then partitioning them into orthog-
onal groups, we are able to reduce the search dimension down to an acceptable
range, and accelerate the parameter tuning process using genetic algorithms.
We apply work stealing [6] scheduling algorithm to balance the workload on dif-
ferent threads. Based on the tuning results, an artificial neural network (ANN)
is built to correlate the input set with the best sorting algorithm and corre-
sponding parameter set. The experimental results show that this sorting library
could generate the best parallel sorting algorithms for different input sets on
both x86 and SPARC multi-core systems. The library selected algorithm could
improve the performance by over 2.2x on Clovertown, and up to 3.9x on Niagara,
compared to the performance based on incorrect decisions.

The major contributions of this paper include:

— A self-tuned parallel sorting library that generates the best sorting algo-
rithms adaptive to the characteristics of architectures and input data sets.

— An efficient parameter tuning strategy in seeking the best optimization pa-
rameters in parallel sorting algorithms. Particularly, a thread affinity tuning
method is presented for multi-cores.

— Detailed experiments and performance analysis of parallel sorting algorithms
on different multi-core architectures.

The remainder of the paper is organized as follows. Section [ presents related
work. In Section [3], we introduce parallel sorting algorithms on multi-core. Sec-
tion M presents the empirical search for parameter values. In Section[B], we present
the use of artificial neural network to build the sorting library. Section [@] shows
experimental results. Concluding remarks are given in Section [
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2 Related Work

Sorting has been extensively studied in literature. A large number of sorting
algorithms have been proposed and their asymptotic complexity, in terms of
the number of comparisons or number of iterations, has been carefully ana-
lyzed [7]. Parallel sorting algorithms have also been explored since the early
1960’s and have been deployed on real parallel machines like CM-2. An early
study on parallel sorting was conducted in 1968 when Batcher invented bitonic
sorting network [§]. In 1983, Reif and Valiant proposed a more practical ran-
domized algorithm for sorting [9], called flashsort. Many more parallel sorting
algorithms were proposed later on, including parallel version of radix sort and
quick sort [I0][1T], a variant of quicksort called hyperquicksort, and other algo-
rithms such as smooth sort, column sort, and parallel merge sort.

In recent year, sorting algorithms have been extended to exploit the SIMD
and multicore capability of modern processors, including GPUs, Cell, and oth-
ers. Bitonic sort is implemented using a sorting network without unpredictable
branches, making it well suited for SIMD processors. Mergesort was also imple-
mented and optimized on current SIMD CPU architecture.

ATLAS [1], FFTW [2] and SPIRAL [3] are among the best known auto-
tuned libraries. ATLAS focuses on the implementation of matrix multiplication.
It uses almost exhaustive search to find the best parameter values such as tile
size and loop unrolling factors. SPIRAL and FFTW generate signal processing
libraries. The size of input set is taken into consideration during the algorithm
selection phase. The empirical search was further extended to symbolic sorting
in [4][5], where the distribution of the input data was considered in the search
space. Genetic algorithms was used to map the characteristics of the input to
the best sorting algorithms. To our best knowledge, the empirical search has
only been applied to serial/parallel scientific kernels and serial symbolic sorting.
[12] discusses a library generator for parallel sorting on distributed memory. Our
work in this paper is the first attempt to use auto-tuning for parallel sorting on
multi-core architectures.

3 Sorting Algorithms

Traditional parallel sorting algorithms for massive parallel machines may not be
applicable to multi-core environment directly due to their differences in memory
hierarchies and interconnects. In this section, we will introduce five classical
parallel sorting algorithms used in our tuning and library building process.

Quick Sort. Quick sort selects a pivot and divides the input set of records
into two subsets, the set with records smaller than the pivot and the set with
records lager than or equal to the pivot. The parallelization of quick sort is quite
straightforward, since the two subsets can be sorted simultaneously. Data parti-
tioning strategy is one of the key factors to be considered in parallel quick sort.
We do not use parallel quick sort for small inputs, because the parallelization
itself introduces extra overhead such as creating new tasks and synchronizing
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the threads. Therefore, we regard partition size as one of the parameters to be
tuned for quick sort.

Cache-Conscious Radix Sort. Jiménez [13] introduced a cache-conscious
radix sort (CC-radix) to improve data locality of radix sort. It used reverse sort
to partition the entire set into several subsets according to the values of r most
significant digits of the integers, repeat the similar operation until the size of
subsets are small enough to be fit into the cache. Then radix sort is executed
on each of the subsets in parallel. For parallel CC-radix sort, the average size
of the subsets after reverse sort (denoted as partition size) is in some sense a
trade-off between parallelism and locality. A larger partition size reduces the
number of reverse sort passes, making the algorithm parallelizable at an earlier
stage. While a smaller partition size is more friendly to the cache system. One
of the other important parameters in CC-radix sort is the length of radix.

Multiway Merge Sort. Multiway merge sort first partitions the input set
of records into several small subsets with the same size and sorts the subsets
separately. Although the subsets can be sorted in parallel, the final merge phase
turns out to take a long time. We use a hierarchical merge sort in our parallel
algorithm. The structure of the merge tree need be tuned. This includes the
fanout of each node and the depth of the tree. The product of these two values
determines the number of subsets to be sorted. In sequential merge sort, the
fanout of a node mainly depends on the cache line size. In parallel sorting, larger
fanout value results in more small subsets but longer sequential merge, whereas
smaller fanout value indicates faster sequential merge but worse scalability.

Sample Sort. Assuming n input records are to be sorted on a machine with
p processors, sample sort[I14] proceeds in four phases: 1) the input data set is
divided into p subsets evenly and sorted separately; 2) k sample records are
picked from each subset to calculate the p — 1 splitter records, which could
partition the linear order of the m records into p subsets; 3) each processor
collects the i*" subset from other processors; 4) each processor sorts its subset.
Helman [I5] suggested that ((z + 1)p727'5)th elements should be selected from
each subset as a sample, for (0 < & < s — 1) and a given value of s (p <
s < '5). This makes the communication among distributed nodes more regular,
leading to a better performance on traditional parallel machines. However, on
multi-core architectures with shared memory model, the overhead to access other
data partitions is relatively small. So the sampling could be less accurate, but
much faster. There are two important parameters for sample sort: the number
of subsets and the number of records to be sampled in each subset.

Quick-Radix Sort. Quick-Radix(QR-sort) employs a “top-down” policy which
first partitions records into ordered subsets and then sorts the subsets in parallel.
Once the subsets are sorted, the whole set of records are sorted, without the need
for a final scan. We use quick sort to divide the input set into ordered subsets and
then apply other sorting algorithms on each set in parallel. One of the advantages
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of QR-sort is that quick sort is an in-place algorithm, which help improve cache
locality. QR-sort is similar to the introsort [I6], which uses heap sort to optimize
the worse-case complexity of quick sort. While QR-sort applies quick sort to
quickly generate parallel subtasks. Like merge sort, quick-radix sort is also a
combination of data partitioning strategy and radix sorting on partitions. The
most important parameter for quick-radix sort is the number of subsets, which
depends on the characteristic of the input sets.

4 Tuning Parameters

There are three parameters that are common to all sorting algorithms. we use
two register sort algorithms to explore architectural factors for small data sets.
Register Sort Threshold is the number of elements for register sort switch. Reg-
ister Sort Algorithm is the selection between insertion sort and sorting network.
These two parameters are most related to the number of registers in a specific
processor, thus they have little to do with the input. Thread Affinity is the map-
ping between software threads and hardware threads. Different data size may
prefer different affinity, e.g., it might be good to map threads to adjacent cores
to take advantage of the shared cache for small data sets. In contrast, for large
data sets, one might want to map threads to other cores for larger cache per
core. Therefore, we regard thread affinity as input sensitive.

Four of the five parallel sorting algorithms (excluding quick sort) use radix sort
when sorting a partitioned subset. They use a common parameter called Radiz
Length. This parameter depends heavily on the input, especially the standard
deviation. In quick sort and CC-radix sort, we use partition size to specify the
upper bound of a subset size. When a subset is less than the partition size, we do
not create new tasks. In sample sort and quick-radix sort, we use the number of
subsets to describe how many subsets we want to process in parallel. This value
varies with the size of the input set.

We use genetic algorithm [5] in searching the parameter set. We first begin
with an original parameter set and generate nearby parameter sets randomly
in each step. Next, we use pre-generated tests to evaluate the performance of
sorting algorithms with new parameter sets. The initial parameters for empirical
search are selected from recommended parameters by known implementations
(e.g. logy STrp — 1 for radix length), theoretical prediction of best values (e.g.
cache size for partition size in quick sort and reverse sort phase of CC-radix sort)
and parameters in their original application design (e.g. number of subsets for
sample sort).

4.1 Tuning Steps

We first split those parameters into orthogonal groups with no or few dependen-
cies, then look for the best parameter set for each group. Fig. [l illustrates the
whole work flow of parameter tuning:

1. We tune the register sort threshold and register sort algorithm only once, then
we use the parameter set as building blocks for other sorting algorithms.
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Generate input

l Tune register sort threshold ‘
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Fig. 1. Flowgraph for parameter tuning

2. After the parameters of register sort have been determined, we generate
different input sets to tune the parameters for each sorting algorithm.

3. We also tune the number of threads. Due to the difference in scalability, algo-
rithms may exhibit different performance metrics when running at different
number of threads.

4. When the number of threads is greater than one and less than the num-
ber of hardware threads, we tune thread affinity. Our experience indicates
that tuning parameters for different affinity produces almost identical values.
Therefore, we tune thread affinity after other parameters are fixed.

4.2 Thread Affinity

Most multi-core architectures employ hierarchical cache system design. For ex-
ample, each core may have a private L1 cache and share the L2 cache with
neighboring cores. In this case, the mapping of software threads to hardware
ones may have impact on performance in terms of cache sharing and cache size
per thread. We assume software threads are symmetric. This is largely true for
sorting since different threads perform the same job most of the time. Given a
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linear ordered hardware thread number, we define the mapping distance (dist
for short) to be the difference among hardware thread IDs where the software
threads are mapped.

Let Nj be the total number of hardware threads, and N, be the number of
software threads. The mapping distance needs to be tuned is a set satisfying the
following equation.

N,
dist € {20 < d < log Nh}

For example, to map two software threads to eight hardware threads, there are
three hardware pair choices: < 0,1 >, < 0,2 > and < 0,4 >. In this way, we
attempt to probe different memory hierarchies of underlying multi-core architec-
ture. We can not guarantee all possible combinations are tuned, but this gives
us an reduced search space, which can be realistically implemented.

5 Building the Library

We first characterize the size and standard deviation of input data. Next, we
build an Artificial Neural Network (ANN) [I7] to learn the best algorithms and
their parameter sets through tuning. To use it online, the library calculates char-
acteristics of the input, feeds them to the ANN, and uses the output algorithm
and parameter set to sort the input data.

5.1 Characterizing Input

We employ the concept of entropy in [4] to characterize the input data set. For
a input set with b digits, the entropy is computed as ), —P; log, P;, where P;
is the ratio between the number of records with value 7 on this digit and the
total number of records. A vector of entropies are obtained. Each element of the
vector represents the entropy of a digit position in the record. If the values of a
digit position span a wide range, the entropy is high. Therefore, the data will be
distributed into many buckets which requires fewer rounds of reverse sort.

In our implementation, the entropy calculation can be further improved by
shortening the length of the entropy vector from b to [b/r], where r is the length
of radix. We use sampling to calculate the entropy vector instead of scanning
the whole input set.

5.2 Artificial Neural Network

ANN is a non-linear statistical data modeling tool. It can be used to model
complex relationships between inputs and outputs or to find patterns in data.
An ANN can be defined as a highly connected array of elementary processors
called neurons. A widely used model is the multi-layered perceptron (MLP)
ANN, which consists of one input layer, one or more hidden layers and one
output layer. Each layer employs several neurons and each neuron in a layer is
connected to the neurons in the adjacent layer with different weights.
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We use supervised learning, in which we are given a set of example pairs
(z,y),z € X,y € Y and aim to find a function f : X — Y that matches the
example. In parallel sorting, we define X,Y as follows: X : < S, E,N >)Y :
< A, P,T >, where S represents the size of input, E the entropy of input, N the
number of threads, A the algorithm, P the parameter set, and T thread affinity.

During the library installation time, we generate a set of input sets, and tune
each algorithm to obtain the parameter set and thread affinity. By comparing
the performance of each algorithm, we can select the best algorithm for a given
input set and thread number. In this manner, we can get the training set, i.e.,
< X,Y > pairs, for the ANN.

6 Performance Evaluation

The experiments were conducted on two multi-core platforms, Intel Clovertown
and Sun Niagara. These two platforms were chosen because they represent two
types of multi-core design. Clovertown is a quad-core processor, each with its
private L1 cache. Every two cores share a L2 cache. Two Clovertown chips are
connected via FSB to build an 8-core system. Niagara has 8 cores, each support-
ing 4 hardware threads. Each core has its private L1 cache, and all cores share
one L2 cache.

Our input data are records of 64-bit integers. The training sets in the tuning
phase are 512K/16M records (4M/128M bytes) on Clovertown, and 64K/2M
records (512K /16M bytes) on Niagara, representing L2 cache-resident and cache-
outside setting. The standard deviation is chosen from 22° and 2°C. The testing
data sets are selected differently from the training sets, which are 32M records
(256M bytes) on Clovertown, and 128K records (1M bytes) on Niagara.

6.1 Sensitivity Analysis

Fig. B shows the performance improvement of quick sort, CC-radix sort and
sample sort on Clovertown with different number of threads for large input
sets. The improvements on quick sort is about 5~15%. The main difference of
parameters is the partition size. The initial value is chosen as half the L1 cache
size, which is about 2K records. After parameter tuning, the partition size ranges
from 16K to 48K records, depending on the number of threads.

CC-radix sort is about 10~35% faster than the one with initial parameters.
As in quick sort, the initial partition size is 2K. This result shows that a larger
size (2~48K) produces better performance. Also, the radix length is reset to 9
from 7 after tuning.

The improvement for sample sort ranges from 10% to 36% for different number
of threads. The initial number of subset is set to twice the number of threads.
This value matches the tuning results for large number of threads (7 or 8). With
fewer threads, sample sort prefers more subsets (12 subsets for 4-thread) since
the workload is more balanced. The number of samples is more difficult to select.
We limit the total samples to be the half of L1 cache size, which is about 2048
records. The results show that a total of 300~500 samples is good enough.
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Fig. 2. Performance improvements of quick sort, CC-radix sort and sample sort after
parameter tuning on Clovertown

6.2 Thread Affinity

Fig.[Blillustrates the experimental results for thread affinity on Niagara. The dots
in this figure are grouped by the number of threads. Given a thread number, we
have different schedule distances, as shown in the second x axis (the top line).

We have observed that for a given number of threads, the longer the schedule
distance, the faster the algorithm runs. Taking thread number 2 as an example,
the performance improves when the schedule distance increases from 2 to 4,
and stays at that level for longer schedule distances. This is because these two
software threads are scheduled to different hardware cores at a distance of greater
than or equal to 4, considering 4-way multi-threading per core. Therefore, the
software threads will not compete for processing time of hardware cores. This
can be verified by CPU utilization breakdowns in Fig. Bl Using two threads, the
CPU is fully utilized at all schedule distances. The behavior of cache system
does not make much difference on Niagara, as L1 is very small and L2 is shared.

Then we compare the performance impact of thread affinity for different sort-
ing algorithms. Comparing quick sort and sample sort using 16 threads, the
impact of thread affinity on sample sort is much less than quick sort. This can
be explained by CPU utilization breakdowns again. At schedule distance of 1,
the CPU utilization of sample sort is about 50% already, while quick sort occu-
pies over 80% of the CPU time. Therefore, having more cores is more helpful for
quick sort than sample sort.

Fig.[d also shows that longer schedule distance produces better performance on
Clovertown. However, the reason for the performance improvement on
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Performance Impact of Thread Affinity on Niagara Breakdown of CPU Utilization on Niagara
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Fig. 3. Experimental results of thread affinity on Niagara
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Fig. 4. Experimental results of thread affinity on Clovertown

Clovertown is different from that on Niagara. Since Clovertown does not support
SMT, each software thread is mapped to one hardware processor core. The con-
tention for CPU resources can be avoided. As two adjacent cores share one L2
cache, scheduling threads to distant cores having separate L2 cache could yield
larger cache size per thread. Considering two threads as an example, the threads
are mapped to every other cores at schedule distance of two. Each thread gets 4
MB L2 cache. As a result, the L2 cache miss rate is reduced up to 40%. Also note
that the cache miss rate for quick sort is lower than other sorting algorithms.
This is because quick sort is an in-place algorithm, while others use radix sort,
requiring extra temporary storage.

6.3 Sorting Library

We compare the performance of individual algorithm with our auto-tuned sort-
ing library. We ran these sorting routines on input sets of 32M records with
standard deviation of 237 on Clovertown, which is different from the training
set. Experiments were conducted with different number of threads to examine
both the absolute performance and scalability.

To use our sorting library, a few samples have to be selected to compute
entropy, so as to be fed into ANN to produce appropriate sorting algorithm
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Fig. 5. Performance comparison among sorting library and individual parallel sorting
algorithms on Clovertown (left) and Niagara (right)

and corresponding parameter set. As we only used 1/10* ~ 1/10% sampling
records from the input set, the cost on sampling and entropy computation was
negligible in our experiments. In the ANN implementation, we used the FANN
library, which was configured as 4 layers, including around 50 hidden neurons.
We generated about 1000 training data, and FANN created a standard fully
connected back propagation neural network.

Fig. Bl shows the results on Clovertown and Niagara. Dotted lines represent
the performance of individual sorting algorithms. Since the test data is differ-
ent from the training data, parameters used here are not tuned. The solid line
represents library selected algorithm and parameter set via ANN. The results
show that our sorting library outperforms the best of all five algorithms by up to
22%. Compared to an inappropriate decision, performance improvement could
be 2.25x. We notice that quick sort reveals good scalability, however, it is only
chosen when the number of threads is large, due to its relatively low performance
for single thread. When the number of threads is small, the library prefers radix
sort. QR-sort is picked for medium number of threads.

The library also performs well on Niagara. The improvement to the best sort-
ing algorithm ranges from 10% to 33%. The performance gap between the library
and the worst sorting algorithm could be 3.9x. Quick sort performs relatively
well with small number of threads, and is successfully selected by the library. As
the number of threads increases, sample sort is chosen by our library.

7 Conclusions

In this paper, we presented automated tuning for parallel sorting algorithms
on modern multi-core architectures. We discussed several practical parameter
tuning methodologies for parallel sorting considering both the characteristics of
architectures and input data sets. Particularly, thread affinity was taken into
account on multi-core architectures. We have built an parallel sorting library
based on parameter tuning and machine learning techniques of artificial neu-
ral network. Experimental results show that the automated tuning technique is
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effective for parallel sorting on multi-core systems. Compared to incorrect deci-
sions, the speedup can be 2.2x on the Intel Clovertown processor and up to 3.9x
on the Sun Niagara processor.
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